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ABSTRACT 

 

Given the increasing problem of fraud, crime, and national security 

threats, assessing credibility is a recurring research topic in Information Systems 

and in other disciplines. Decision support systems can help. But the success of 

the system depends on reliable cues that can distinguish deceptive/truthful 

behavior and on a proven classification algorithm. This investigation aims to 

identify linguistic cues that distinguish deceivers from truthtellers; and it aims to 

demonstrate how the cues can successfully classify deception and truth. 

Three new datasets were gathered: 202 fraudulent and nonfraudulent 

financial disclosures (10-Ks), a laboratory experiment that asked twelve 

questions of participants who answered deceptively to some questions and 

truthfully to others (Cultural Interviews), and a mock crime experiment where 

some participants stole a ring from an office and where all participants were 

interviewed as to their guilt or innocence (Mock Crime). Transcribed participant 

responses were investigated for distinguishing cues and used for classification 

testing.  

Disfluencies (e.g., um, uh, repeated phrases, etc.), hedging words (e.g., 

perhaps, may, etc.), and interjections (e.g., okay, like, etc.) are theoretically 

developed as potential cues to deception. Past research provides conflicting 

evidence regarding disfluency use and deception. Some researchers opine that 

deception increases cognitive load, which lowers attentional resources, which 
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increases speech errors, and thereby increases disfluency use (i.e., Cognitive-

Load Disfluency theory). Other researchers argue against the causal link between 

disfluencies and speech errors, positing that disfluencies are controllable and that 

deceivers strategically avoid disfluencies to avoid appearing hesitant or 

untruthful (i.e., Suppression-Disfluency theory). A series of t-tests, repeated 

measures GLMs, and nested-model design regressions disconfirm the 

Suppression-Disfluency theory. Um, uh, and interjections are used at an 

increased rate by deceivers in spontaneous speech. Reverse order questioning did 

not increase disfluency use.  Fraudulent 10-Ks have a higher mean count of 

hedging words. 

Statistical classifiers and machine learning algorithms are demonstrated 

on the three datasets. A feature reduction by backward Wald stepwise with 

logistic regression had the highest classification accuracies (69%-87%). 

Accuracies are compared to professional interviewers and to previously 

researched classification models. In many cases the new models demonstrated 

improvements. 10-Ks are classified with 69% overall accuracy. 
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CHAPTER 1. INTRODUCTION 

 

1.1 Background 

Given the increasing problem of international security threats, credibility 

assessment is a recurring research topic in Information Systems (IS) and related 

disciplines. In addition, internal threats of fraud and other criminal activities 

underscore the need for reliable and effective tools that can identify deception or 

hostile intent. These tools can augment the decision making capabilities of police 

investigators, auditors, rapid screening agents, customs and maritime officers, 

etc.  

Deception is defined as the willful transmission of a message from a 

sender to a receiver for the purpose of fostering false conclusions or beliefs 

(Buller & Burgoon, 1996). This investigation into deception detection aims at 

understanding deceptive human behavior. Specifically, the goal is to be able to 

distinguish truthtellers from deceivers by the language they use so that computer 

tools can be developed that reliably assess credibility. This knowledge and the 

tools generated from it can be incorporated into decision support systems and be 

used on complex problems such as fraud detection, rapid screening, border 

security, and antiterrorism. This research approach is multi-methodological and 

multi-disciplinary. Two laboratory experiments were conducted and field data 
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was collected. IS artifacts were developed and theories from IS, Cognitive 

Science, Communications, and Linguistics were furthered. 

1.2 Problem Statements 

1.2.1 Humans judgment of deception hindered 

Deception researchers remind us that human beings are poor lie detectors. 

Humans uncover deceit and recognize truth on an average of fifty-four percent 

(Bond & DePaulo, 2006). The lack of accuracy may be a reflection of the difficulty 

of the task, as the challenge of credibility assessment lies in the processing of a 

large amount of nonverbal and verbal signals at an incredible rate (Zhou, 

Burgoon, Twitchell, & Nunamaker, 2004 a). Additionally, humans tend to 

process information subjectively by forming “global impressions” of others’ 

behavior (Vrij & Mann, 2004). Because humans are unable to successfully detect 

deception with a high degree of accuracy, a strong need exists for improved tools 

to assist credibility assessment (Fuller, Biros, & Wilson, 2008).  

1.2.2 Fraud detection is difficult yet related to deception detection 

Fraud refers to the “intentional act to obtain an unjust advantage” 

(International Federation of Accountants, 2008). Fraud involves a scheme 

designed to deceive the public (Wallace, 1995). Managerial fraud, a deceptive act 

perpetrated by managers of a public company, is estimated to be in the billions of 

dollars annually in the United States (Wells, 1997). Deception is the intentional 

transmission of information intended to foster a false conclusion in the receiver 
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(Buller & Burgoon, 1996). Therefore, deception is related to fraud. Management 

fraud is a type of strategic deception where stakeholders are negatively affected 

through misleading financial statements (Elliot & Willingham, 1980).  

One of the roles of financial auditors is to certify the authenticity of a 

financial statement. If there are discrepancies, intentional or unintentional, the 

auditor has an obligation to discover and communicate them. Yet, external 

auditors are credited with only discovering 12% of fraud (Girgenti, 2003). 

Humans, as lie detectors, are no better at detecting deception, as studies 

demonstrate that humans are barely better than chance at detecting deception in 

communication (Bond & DePaulo, 2006). These two facts help explain why 

management fraud is estimated to be in billions of dollars annually in the United 

States (Wells, 1997). 

This cost to the stakeholders and to the public underscores the need to 

develop procedures, methods, and tools to assist in countering managerial fraud. 

To successfully counter fraud it must first be detected. Traditional forms of 

detecting financial manipulation have been to focus on the numerical credibility 

of key financial indicators. Traditional approaches have ignored the deceptive 

communication that accompanies the fraudulent financial numbers.  

1.2.3 Necessity for decision support systems 

One approach to improve deception detection is to provide additional 

training regarding deception detection. However, based on experimentation, 

training has mixed effects on detection accuracies (Frank & Feeley, 2003; George, 
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Biros, Adkins, Burgoon, & Nunamaker, 2004). Unaided by decision support 

systems, humans simply struggle to process all of the information provided by 

deceivers. Law enforcement and other officials, who may encounter deceptive 

individuals with malicious intent on a day-to-day basis, can benefit greatly from 

the development of information systems that can distinguish truth from 

deception. Automated tools designed for credibility assessment have shown 

potential as both assistive and diagnostic devices that can improve their users’ 

performance accuracy in the field (Davis, Markus, & Walters, 2005).  

There is no single “silver bullet” regarding deception detection, no single 

cue that provides a tell-tale to deception, and no single questioning technique 

that elicits the truth. Consequentially, there is no single decision aid for all 

situations. Researchers must develop theories and artifacts that account for 

differing motivations, environmental conditions, and organizational limitations. 

For example, rapid screening environments provide unique constraints. The 

border agent has only one or two minutes to assess the credibility and threat 

potential of a person entering a country. In contrast, a polygraph interviewer may 

spend four to five hours with the same individual. In addition, the amount of time 

an individual has to prepare for deception changes his/her ability to successfully 

communicate the deception, the choice of deceptive strategies employed, and the 

level of arousal. For example, in a rapid screening environment the screenee may 

only have seconds to prepare a plausible response to an interrogator’s question. 

However, when writing fraudulent financial disclosures, a deceptive writer may 
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have weeks to draft and redraft the language in the financial disclosure to 

obfuscate the fraud. Thus, cues to deception that may work for one environment 

may not be reliable in another. Therefore, theories and models of deception must 

be investigated and modified appropriately to the situational constraints. This 

fact provides ample opportunities for a deception detection researcher to 

contribute scientifically and to expand the community’s knowledge.  

Burgoon and Nunamaker (2004) opined that the successful development 

of computer-aided deception detection tools depends on a theoretical 

development and empirical experimentation to understand behavioral 

differences between deceivers and truthtellers. They identified six areas of 

research required to accomplish the objective:  (1) synthesize applicable theories 

to create a model of deception and detection processes; (2) identify systematic 

uncertainty-reduction and information-processing biases that make humans 

susceptible to false positives and false negatives through experimental research; 

(3) identify reliable indicators of deceit under varying task and communication 

conditions; (4) develop a multi-pronged, computer-assisted training program to 

improve detection abilities; (5) create prototypes for automated tools to augment 

human detection; and (6) test integrated training programs and automated tools 

to improve accuracy in distinguishing truthful from deceptive information and 

communication. The aim of this research is to advance the theoretical 

understandings of deception and to further the development of decision support 

systems that use linguistic cues to distinguish deception from truthtelling. 
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1.3 Potential of Linguistic Credibility Assessment (LCA) 

Examining behavioral measures as indicators of deception is premised on 

the idea that deceivers exhibit outward behaviors that stem from inward 

emotions and cognitive states. Deceivers’ behaviors may differ from those of 

truthtellers for two possible reasons: because deceivers are unable to consciously 

control all aspects of behavior  as they experience guilt, fear of detection, over-

taxation of cognitive resources, and other emotions experienced when lying 

(Ekman & Friesen, 1969); and because deceivers may intentionally act in ways 

purposed to avoid suspicion or detection (Buller, Burgoon, Buslig, & Roiger, 

1994; Buller & Burgoon, 1996). These behavioral cues manifest themselves in 

three broad modalities: kinesic, vocalic, and linguistic.  

Regarding linguistic behaviors, deception is generally associated with 

briefer utterances (less quantity) and less specificity (unless the respondent can 

plan, rehearse or edit), simpler vocabulary and syntax (less complexity), less 

diverse language, greater uncertainty, greater nonimmediacy and 

depersonalization, less expressivity, and more negative terms and imagery.  

Linguistic measures have shown promise at discriminating cues between 

truth and deception (Carlson, George, Burgoon, Adkins, & White, 2004; Fuller et 

al., 2008; Zhou et al., 2004 a; Zhou, Burgoon, Twitchell, Qin, & Nunamaker, 

2004 b). Using known cues to deception in text-based messages, Zhou et al. 

(2004 b) used a neural network algorithm to classify text into two categories of 

truth and deception with 80.2% overall accuracy. Zhou et al. (2004 a) showed 
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that we are “one step closer towards the ultimate goal of automating deception 

detection” and suggested that linguistic cues can be used to “build profiles and 

algorithms for the automated detection of deception” by laypersons (2004 a, p. 

83). Agent99 Analyzer (A99A) is an automated system developed for the purpose 

of detecting deception using linguistic cues that put the aforementioned research 

goals into practice. Cues are placed into nine linguistic categories: quantity, 

complexity, uncertainty, nonimmediacy, expressivity, diversity, informality, 

specificity, and affect. These categories are then used to classify messages as 

truthful or deceptive with accuracies ranging from 70% to 80% (Fuller et al., 

2008; Zhou et al., 2004 a). 

 

Figure 1. Characteristics of linguistic credibility assessment software 

 

An LCA system consists of the following components: a text parser to 

identify cues, a behavioral model of deception, and a classifier that renders 

judgments of “credible” or “not credible” (see Figure 1). The text parser manages 

the text-based corpus and identifies the subcomponents in the documents that 
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will be used to identify linguistic cues. The LCA software uses a set of pre-defined 

cues that are tallied and become variables for the behavioral models. There are 

three types of cues that have been investigated to date: those that are lexicon 

based (using a dictionary of predefined words), those that are part-of-speech 

based (using rules to identify part of speech), and those that are syntactic 

(identifying word and sentence boundaries irrespective of any lexical meaning). 

The cues can be tallied as raw counts or as a ratio of other cues. For example, 

lexical diversity is the ratio of unique words divided by the total number of words 

in the document. The behavioral models are pre-defined values of the cues that 

correspond to deceptive or truthful communication. The behavioral model can be 

derived preemptively through an analysis of existing corpora where ground truth 

was known or it can be derived from an individual’s normal behavior over time. 

Models should be tailored to the type of document analyzed and to the context of 

the communication. Thus, observed behavior can be compared with normal 

behavior defined as the normal behavior of either a group or the individual’s past 

behavior. The classifier compares the observed behavior with predefined models 

and renders a judgment of deceptive or truthful.  

The ideal decision support system for LCA would be fully automated and 

able to process text-based documents or automatically transcribe speech without 

human intervention; be able to process large amounts of data in real-time as 

screeners/investigators have the need to make credibility decisions rapidly and 

reliably; be able to parse the language into key linguistic cues which have been 
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confirmed reliable through scientific inquiry in the laboratory and in the field; 

and be able to compare the cues from the document in question to known models 

of deception and render a judgment of credible or not credible. The user should 

have access to the reasons behind the judgment so that the user can choose how 

to incorporate the data into his/her decision process. The system should be able 

to output cues for fusion with other non-linguistic analyses of deception, such as 

kinesics and vocalic analyses, and the system should be reliably accurate in a 

variety of context and with a variety of persons. See Table 1.  
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Table 1. Ideal Characteristics of a Linguistic Credibility Assessment System 

Ideal Characteristics 

1. Fully automated 

2. Can process text-based documents or automatically transcribe speech 

3. Process large amounts of data in real-time 

4. Parse the language into key linguistic cues 

5. Compare the cues from the document in question to known models of 

deception 

6. Render a judgment of credible or not credible  

7. Provide feedback to the user as to the reasons behind the judgment 

8. Output cues for fusion with other non-linguistic cues 

9. Be reliable in a variety of context with a variety of persons 

 

1.4 Research Questions 

While the published studies to date report numerous statistically 

significant language differences, these differences have often failed to replicate 

from study to study (Lee & Bond, 2005; Newman, Pennebaker, Berry, & 

Richards, 2003). Improvements to the theories and software tools are needed to 

make the results consistent by finding universal cues and context-specific cues to 
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deception, improving classification techniques, and advancing A99A towards 

real-time processing.  

The research questions investigated in this research effort are the 

following:  

a. What are the known reliable and consistent linguistic cues to 

deception and fraud? 

b. What are additional linguistic cues to deception and fraud? 

c. Can a decision support system capitalize upon reliable linguistic cues?  

The research approach is as follows: 

1. Cull from the body of literature on deception a set of reliable cues to 

deception and identify those cues that are consistently reliable 

across multiple investigations;  

2. Propose additional linguistic cues that might account for behavioral 

differences among deceivers and truthtellers;  

3. Collect three new, large datasets useful for investigation, to be 

collected from experimental data and real-world data; and, 

4. Apply learning algorithms and classification techniques to improve 

classification accuracies.  

The purpose of these efforts culminates in the creation of a decision 

support tool with incremental improvements over its predecessors.  

While linguistics is only one approach to deception detection, it is being 

conducted in parallel with other researchers investigating kinesic, vocalic, and 
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physiological cues. This research will focus on advancing linguistic knowledge, as 

described by the overall research questions, and will encourage other researchers 

to advance the other behavioral and physiological areas. Collectively, these 

multiple approaches can be fused into one larger approach for the best overall 

accuracy. Time will tell.  

This document is organized as follows: a literature review is presented 

with emphasis on knowledge gaps in the scientific community; theories relevant 

to deception detection and the information systems that support it are discussed; 

specific research questions are expounded and hypotheses proposed; the 

methodological approach is outlined with a description of the various datasets 

used and how they were collected; and the research findings are declared along 

with a discussion of implications for theory and application.  
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CHAPTER 2. LITERATURE REVIEW AND THEORETICAL 

DEVELOPMENT 

The scientific community has researched deception and the detection of 

deception for decades. Numerous researchers across many research areas (i.e., 

communications, psychology, computer science, information systems, law, 

security, engineering, linguistics, etc.) have added to our knowledge of what 

constitutes deceptive behavior. Yet, despite this research, detecting deception is 

still a very difficult task. The most important lessons we have learned as a 

scientific community are the following:  

1. There is no ‘silver bullet’ or one reliable behavioral cue to deception 

2. Detecting deception is a complex task 

3. Advancing deception detection requires incremental improvements and 

patience 

This chapter describes what is known from prior research and proposes 

theoretical improvements.  

2.1 Definition of Deception  

Deception is the act of transmitting information with the intent to foster 

false conclusions in the receiver (Buller & Burgoon, 1996). If a sender 

unknowingly transmits false information, this is not deception, as there was no 

intent to deceive. Deception is not perfectly synonymous with lying. Lying is one 
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form of achieving deception. Other forms can include obfuscation, redirection, 

misdirection, white-lies, avoidance, understatements or overstatements, puffery, 

etc.  

A summary of three meta-analyses demonstrates the poor ability of human 

deception detection (Aamodt & Custer, 2006; Bond & DePaulo, 2006; Vrij, 

2000). The overall accuracy averages only 54%, detecting deception averages 

47%, and detecting truth averages 57%. These slightly-better-than-chance 

accuracies have motivated the scientific community to further refine models. Past 

contributions investigate the physiological and behavioral indicators of 

deception. This research will not investigate invasive techniques at deception 

detection, such as the polygraph or fMRI. Invasive methods are not conducive to 

many applications, such as rapid screening or of fraud in financial disclosures. 

This research will specifically focus on the linguistic behaviors.  

2.2 Definition of Managerial Financial Fraud 

Fraud is a form of deception. Fraud refers to an intentional act to obtain 

an unjust advantage (IFA, 2002). Fraud is different than error because error does 

not include intent to deceive. Fraud includes a scheme designed to deceive 

(Wallace, 1995). Management fraud is a specific type of deceptive scheme where 

stakeholders are adversely affected through misleading financial reports (Elliot & 

Willingham, 1980).  

The link between fraud and deception is that someone committing fraud 

has similar motivations to those of a deceiver. Any communication required by 
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the fraudulent person (e.g., to stakeholders via financial reports, to auditors, to 

board members, or to the public via news announcements) would require 

deception to cover the fraud. Deceptive actions by the fraudulent may include 

outright lies, subtle misdirection, obfuscation, etc., which are the same 

communication tools used by deceivers. Therefore, expanding our knowledge of 

deception and our ability to detect deception can aid in our ability to detect fraud.  

2.2.1 The 10-K and the Management’s Discussion and Analysis Section 

Publicly financed corporations in the United States are required to submit 

financial documents to the Securities and Exchange Commission (SEC) quarterly 

and annually. The mission of the SEC is “to protect investors, maintain fair, 

orderly, and efficient markets, and facilitate capital formation” (SEC, 2008a, p. 

1). One of the required financial statements submitted to the SEC annually is the 

10-K form. The 10-K is submitted electronically and contains several sections 

where key financial indicators are presented along with a managerial discussion 

regarding the financial health and future outlook of the corporation.  

If the SEC discovers financial manipulation or obfuscation, an Accounting 

and Auditing Enforcement Release (AAER) is issued against the company and/or 

against specific stewards of the company. AAERs communicate to the public 

concerning “civil lawsuits brought by the Commission in federal court and notices 

and orders concerning the institutions and/or settlement of administrative 

proceedings” (SEC, 2008b, p. 1). Subsequent action is taken in Federal court for 

reparations, if not settled out of court by the parties. The issuance of an AAER is 
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a valid assumption of earnings manipulation and useful for researching 

managerial fraud (Dechow, Sloan, & Hutton, 1996). 

Of research interest for this study is the section of the 10-K called 

Management’s Discussion and Analysis (MD&A), which discusses the financial 

condition, results of operations, and future outlook of the company. This section 

is largely textual, subjective, and includes tables of selected financial indicators. 

The 10-K is primarily composed by the Chief Accounting Officer or the Chief 

Financial Officer with involvement and approval of the Chief Executive Officer 

and other managers. Because AAERs are issued against the company or against 

specific stewards of the company for earnings manipulation and improper 

disclosure issues, the MD&A section provides a unique opportunity to investigate 

how management crafts language that contains obfuscation, misdirection, 

hedging, equivocation, deception and fraud. In this paper, the term deception 

and fraud are interchangeable because of the relationship between the two. If an 

AAER is issued, the SEC has determined that the level of deception is 

significantly damaging to the public to warrant legal action.  

2.3 Theories and Methods of Deception Detection 

At the core of all deception detection is the premise that physiological and 

behavioral differences exist among deceivers and truthtellers. A common 

assumption in this type of research is that emotions, arousal, and cognitive effort 

elicit behavioral responses that lead to observable differences.  
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Prominent theories and methods for analyzing deceptive discourse include 

Content-Based Criteria Analysis (CBCA) (Vrij, 2005), Scientific Content Analysis 

(SCAN) (Driscoll, 1994), Reality Monitoring (RM) (Johnson & Raye, 1981), 

Management Obfuscation Hypothesis (Bloomfield, 2002), Information 

Manipulation Theory (IMT) (McCornack, 1992), Interpersonal Deception Theory 

(IDT) (Buller & Burgoon, 1996), Four Factor Theory (Zuckerman, DePaulo, & 

Rosenthal, 1981), and Leakage Theory (Ekman & Friesen, 1969). 

2.3.1 Content-Based Criteria Analysis & Statement Validity Analysis 

Content-Based Criteria Analysis (CBCA) is a subset method within 

Statement Validity Analysis (SVA). Both techniques were developed to verify the 

veracity of a child’s testimony in sex-crime cases. CBCA has been used 

successfully in several different contexts beyond its original purpose. CBCA 

proposes that a statement based on fantasy will differ in quality and content from 

a statement based on actual experience. Trained evaluators judge the presence or 

absence of 18 criteria. A 19th criterion exists, but it is specific to sex-crime 

situations and not useful to broader application of deception detection. The 

presence of each criterion suggests that the statement was derived from an actual 

experience and is therefore not deceptive. Only some of the CBCA criteria are 

currently amenable to automatic analysis by computers. These include quantity 

of details and words associated with feelings, time, and space. CBCA hypothesizes 

that truthful messages will contain more unusual details, more superfluous 

details, more details overall, and more references to time, space, and feelings 
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than deceptive messages because statements derived from actual memories of an 

experience should contain more contextual details than deceptive statements.  

2.3.2 Scientific Content Analysis 

Scientific Content Analysis (SCAN) is an extension of CBCA. It assumes 

that both deceivers and truthtellers are attempting to convince the receiver of 

their truthfulness. Thus, the receiver has difficulty distinguishing the deceiver 

from truthteller since both are actively working towards the goal of believability. 

Another important assumption of SCAN is that the sender carefully selects the 

details that enter into his/her account. This in turn suggests that each word is 

important in determining the veracity of a statement and suggests that a lexicon-

based approach to deception can be efficacious because deceivers and truthtellers 

may choose to use different words when crafting their respective stories (Driscoll, 

1994).  

2.3.3 Reality Monitoring 

Reality Monitoring (RM) is a method that attempts to distinguish between 

memories based on true experiences from falsehoods or imagination. RM 

proposes that statements based on true memories differ from falsehoods in the 

amount of perceptual details, the amount of contextual information, and the 

quantity of cognitive operations described in the statements. RM hypothesizes 

that truthful statements will provide more sound, visual, and tactile details than a 

false statement as well as more contextual references to time and location. False 
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statements should contain more cognitive operations than truthful statements. 

Cognitive operations are processes or acts of the mind such as thinking, 

admitting, understanding, and hoping that are used by deceivers to facilitate 

inventing false stories.  

2.3.4 Management Obfuscation Hypothesis 

According to the Management Obfuscation Hypothesis (MOH), financial 

disclosures that contain bad news should be more difficult to read than those that 

contain neutral or positive news (Bloomfield, 2002). MOH claims that 

information which is more costly to extract and process will not be reflected 

immediately in market prices. If management desires to delay market response to 

bad news they will have an incentive to obfuscate or dissimulate the information. 

Managers of poorly performing companies have incentive to cover up the poor 

performance to delay stock price reaction by decreasing the readability of their 

annual reports (Li, 2008). Li used the Simple Measure of Gobbledygook (SMOG) 

reading index to operationalize and measure readability. The SMOG reading 

index takes into account sentence complexity (as measured by average sentence 

length) and word complexity (as measured by average word length) to determine 

readability.  

2.3.5 Interpersonal Deception Theory 

Theories on deception predict a phenomenon of leakage. Leakages are 

behavior cues that give indication to deceptive communication because of the 
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deceiver’s inability to match behavior cues during non-deceptive communication 

(Ekman & Friesen, 1969). Interpersonal Deception Theory (IDT) proposes that 

leakages are non-strategic (Buller & Burgoon, 1996). The unintentional nature of 

non-strategic leakage results from an inability to behave during deceptive 

communication exactly as one would normally behave during non-deceptive 

communication. Because deceptive communication is more complex than non-

deceptive communication (Zuckerman et al., 1981), it is thought that cognitive 

loads in deceptive communication are higher than normal. IDT also predicts 

strategic behaviors are purposefully chosen by the deceiver.  

Because deception is goal-driven, deceivers have four goals: to appear 

credible, to allay receiver’s suspicions, to minimize their responsibility of deceit, 

and to avoid unpleasant consequences if deception is detected (Buller & Burgoon, 

1996).  

These methods and theories describe how deceivers behave and make 

specific reference to how language elements might differ between deceptive and 

non-deceptive communication. This research expands that discussion to identify 

potential new linguistic cues.  

2.4  Reliable and Consistent Linguistic Cues to Deception and Fraud 

Empirical evidence demonstrates that the language behavior between 

deceivers and truthtellers is different (Buller et al., 1994, 1996; Newman et al., 

2003). In general, linguistic features have been categorized into eight larger 

constructs (Zhou et al., 2004 a). Table 2 shows the constructs.  
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Table 2. Linguistic Categories and Features 

Category Features Description 

Quantity Words, verbs,  

nouns, sentences 

Raw counts of words, verbs, noun phrases, and 

sentences 

   

Complexity Clauses, sentence 

length  

Clauses divided by number of sentences; Words 

divided by number of sentences 

 Word length Characters divided by number of words 

 Noun phrase length Words in noun phrases adjusted for total 

number of noun phrases 

 Pausality Punctuation (,;:.!?) divided by number of 

sentences  

   

Uncertainty Modifiers, modal verbs, 

other references 

Raw counts of modifiers, modal verbs, and 

third person pronouns 

 Uncertainty Count of words denoting uncertainty 

   

Nonimmed-

iacy 

Passive voice Passive verbs divided by total verbs 

 Group, self, and other 

references 

Raw counts of second-person pronouns, first-

person singular, first-person plural pronouns, 

and group references 

   

Expressivity  Emotiveness (Adjectives + adverbs) divided by (nouns + 

verbs) 
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Table 2 (Continued). Linguistic Categories and Features 

Category Features Description 

Diversity Lexical diversity Unique words adjusted for total words 

 
Content word diversity Unique content words adjusted for total 

content words 

 Redundancy Function words adjusted for number of 

sentences 

   

Specificity Temporally immediate- 

nonimmediate 

Terms referring to present versus past or future 

tense, adjusted for total words 

 Spatial-close, spatial-

far 

Terms describing spatially proximal versus 

distal relationships, adjusted for total words 

 Sensory ratioa Terms describing sensorial experiences, such as 

sounds, smells, physical sensations and visual 

details adjusted for number of total words 

   

Affect Positive and negative 

imagery 

Mean score from Whissell dictionary; positive 

and negative sensorial words adjusted for total 

words 

 Positive and  

Negative pleasantness 

Mean positive and negative pleasantness score 

from Whissell dictionary  

 Positive and  

Negative activation 

 

Mean score from Whissell dictionary; positive 

activation words and negative activation words 

divided by total words 

Note. A sensory ratio added from Burgoon & Qin, 2006 and from Fuller, Biros, Adkins, Burgoon, 
Nunamaker, & Coulon, 2006. 
 

A thorough review of the literature on the linguistic cues investigated for 

deception produces 55 different cues in 15 studies. This body of research leads to 
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new questions: which cues are reliable predictors of deception, and which cues 

are consistent across multiple studies? Reliable will be defined as statistically 

significant. Consistent will be a cue that is found reliable in at least three studies. 

The studies involved are listed in Table 3 with the context of their dataset. 

Table 3. Authors of Linguistic Deception Research Studies  

Authors of Study Year Deception Context 

Zhou, Burgoon, Nunamaker, & Twitchell 2004a Desert Survival Problem 1 

(email) 

Zhou, Burgoon, Twitchell, Qin, & 

Nunamaker 

2004b Desert Survival Problem 1 & 2 

(email) 

Adkins, Twitchell, Burgoon, & Nunamaker 2004 Desert Survival Problem 1 

(email) 

Zhou, Burgoon, & Twitchell 2003 Desert Survival Problem 1 

(email) 

Burgoon, Blair, Qin, & Nunamaker 2003 Mock Theft (interviews) 

Qin, Burgoon, & Nunamaker 2004 Mock Theft (interviews) 

Qin, Burgoon, Blair, & Nunamaker 2005 Mock Theft (interviews) 

Burgoon & Qin 2006 12 interview questions 

Qin & Burgoon 2007 12 interview questions 

Fuller, Biros, Adkins, Burgoon, Nunamaker, 

& Coulon* 

2006 Person of Interest Statements 

in police investigations 

(handwritten statements) 

Fuller, Biros, & Wilson* 2008 Person of Interest Statements 

(handwritten statements) 

Note. See Appendix A for list of full references and summary of findings from these studies. Some 

studies conducted multiple, separate tests. 
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The reliable and consistent cues from fifteen studies are summarized in 

Appendix A. The 15 studies investigated 55 linguistic cues and performed a t-test 

or equivalent test to identify statistical significance (p<=0.5) and, in some cases, 

identified the direction of the behavior. Four datasets are represented by these 

studies. The studies conducted a laboratory experiment or collected field data. In 

four studies, deceptive and truthful participants communicated by email (Adkins, 

Twitchell, Burgoon, & Nunamaker, 2004; Zhou, Burgoon, & Twitchell, 2003; 

Zhou et al., 2004 a; Zhou et al., 2004 b). The purpose was to collaborate on a 

desert survival task and the deceivers were to mislead their partner. Three studies 

analyzed transcribed dialog from a Mock Theft experiment (Burgoon, Blair, Qin, 

& Nunamaker, 2003; Qin, Burgoon, Blair, & Nunamaker, 2005; Qin, Burgoon, & 

Nunamaker, 2004). Participants answered questions regarding their level of 

involvement in a mock theft. Deceptive participants were to mislead the 

interviewer about their involvement.  

In another experiment, 12 questions were asked of participants. Each 

participant answered truthfully to six questions and deceptively to 6 questions in 

alternating three-question blocks (Burgoon & Qin, 2006; Qin & Burgoon, 2007). 

Person of Interest Statements are real-world data collected from investigations at 

a U.S. Air Force base (Fuller et al., 2006; Fuller et al., 2008). Those suspected of 

an infraction or believed to be a witness were instructed to write a statement 

about their involvement in the crime. Ground truth was known for each 

statement through investigative techniques by the military police.  
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 Some interesting phenomena are observable when considering the results 

of these fifteen studies.  

1.  There are reliable cues, as defined by statistically significant, found in 

each study. 

2. There is no single cue that is consistent across all studies. 

3. Several findings are contradictory across studies. These observations 

reflect the difficulty in deception detection research.  

2.4.1 Consistently reliable linguistic cues to deception 

Regarding the question of consistency, there are some cues that appear as 

reliable predictors in more than one study. Consistent is defined as being 

statistically significant in three or more studies and in the same behavioral 

direction. Several cues present themselves as consistent (see Table 4).  
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Table 4. Consistent Linguistic Cues Pertinent to Deception Detection 

Cue Direction of Behavior 

Affect Ratio D > T 

Content Word Diversity T > D 

Group Reference (1st person plural pronouns) D > T 

Lexical Diversity T > D 

Modifiers D > T 

Second Person Pronouns D > T 

Sensory Ratio T > D 

Sentence Quantity D > T 

Verb Quantity D > T 

Note. D is deceptive behavior. T is truthful behavior. Consistent is defined as at least three studies 

with the same finding. Studies involved are identified in Table 2.  

 

Some cues are highly consistent, e.g., content word diversity and lexical 

word diversity, both of which have 5 or more studies and no counter directionally 

observations. Some cues have one counter directional observation or a 

significance finding without a direction specified. These nine cues appear to be 

reliable and consistent across multiple studies and multiple contexts (i.e., 

datasets).  

H1. Deceivers exhibit higher affect ratio, group references ratio, 

modifier ratio, second person pronoun ratio, and greater sentence 
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and verb quantities than truthtellers. Deceivers exhibit lower content 

word diversity, lexical diversity, and sensory ratio than truthtellers. 

 

H2. A model of deception which includes affect ratio, group 

references ratio, modifier ratio, second person pronoun ratio, 

sentence quantity, verb quantity, content word diversity, lexical 

diversity, and sensory ratio produces higher accuracy at classifying 

deception/truthfulness than a model with only activation, average 

word length, emotiveness, imagery, modifier quantity, other 

references, passive verb ratio, pleasantness, redundancy, self 

references, spatial far ratio, spatial close ratio, temporal immediate 

ratio, temporal nonimmediate ratio, and word quantity. 

2.4.2 Contradicting linguistic cues to deception 

The 15 studies also produce some interesting phenomena of contradictory 

cues. Contradiction is defined here as the behavior of deceivers being greater 

than truthtellers in one study but less than truthtellers in another. Four such cues 

are activation, emotiveness, imagery, and modal verbs.  

2.4.3 Reexamining activation, emotiveness, and imagery as cues to deception 

SVA and CBCA predict that statements from actual memories differ in 

quality and content from statements based on fabrication (Stellar & Kohnken, 

1989; Undeutsch, 1989). Zhou et al. (2004a) concluded that these differences 
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were observable in cues of imagery, emotiveness, and activation. Because 

truthtellers have actual memories of events and environmental surroundings, 

they can recall details of those memories when describing images, emotions, and 

actions pertaining to the event in question. Deceivers must fabricate these 

elements and do not provide as many details.  

SVA and CBCA were developed for criminal cases of violence and sexual 

assault where images, emotions, and actions may be strongly embedded in 

memories of the event. While the theory has demonstrated itself as useful in 

detecting deception in non-criminal situations (Vrij, 2000), recent studies find 

contradictory results (see Appendix A). The cognitive mechanism is the accessing 

of past memories.  

If the interview questions asked of deceivers and truthtellers do not 

require them to access past memories, then their behavior should not differ 

according to the cognitive mechanism suggested by SVA and CBCA. An example 

of a question that would elicit past memories is, “What did you do on your last 

summer vacation?” Questions that may not access past memories could include 

those regarding future plans, hypothetical situations, or moral dilemmas. For 

these questions, the behavior of truthtellers and deceivers should be the same 

with respect to imagery, emotiveness, and activation.  

Because this investigation includes a dataset on fraud in financial 

statements, another distinction can be made. Business writing follows established 

norms and conventions that discourage emotional and symbolic rhetoric in favor 
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of factual and analytical rhetoric. This factor should have a dampening effect on 

emotional word choices. Both groups of writers may choose words that do not 

convey strong emotions or imagery. It is anticipated that in financial disclosures 

there will be a lack of differences among deceivers and truthtellers.  

 

H3. Experiential memory recall interacts with deception such 

that truthtellers use language higher in imagery, emotiveness and 

activation than deceivers with questions that require accessing past 

memories and experiences but not with questions that do not 

accessing past memories and experiences.  

 

It is anticipated that these distinctions can explain the previous 

contradicting phenomena regarding imagery, emotiveness, and activation. 

 

2.4.4 Reexamining modal verbs as cues to deception 

Modal verbs are verbs such as can, could, may, might, must, ought to, 

shall, should, will, and would. Zhou et al. (2004a) theorizes that modal verbs 

describe uncertainty and that deceivers favor modal verbs because they wish to 

obfuscate their deception. With this reasoning Zhou et al. predict that deceivers 

use more modal verbs than truthtellers. Only two studies support this position 

while five studies have contrary findings (see Appendix A).  
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To resolve this phenomenon, this dissertation proposes that the previous 

categorization of modal verb is too broad to warrant the previous predictions. Not 

all modal verbs describe uncertainty, e.g., will and shall. Some modal verbs are 

epistemic (i.e., communicating knowledge or lack off) and others are deontic (i.e., 

communicating legal or moral obligation). Modal verbs do not share the same 

degree of certainty or uncertainty in their meaning. It is proposed that modal 

verb should be categorized into two types: hedging modal verbs and non-hedging 

modal verbs. This classification should preserve Zhou et al.’s reasoning that 

deceivers communicate in uncertainty while fitting the contrary findings. This 

topic is only introduced here as part of the discussion on conflicting phenomena. 

A thorough discussion on modal verbs will be presented in the section on hedging 

words.  

2.5 Potential Linguistic Cues to Deception and Fraud 

This dissertation investigates disfluencies, repeated phrases, and hedging 

as potential cues to distinguishing deceptive and truthful communication. 

2.5.1 Filled pauses, disfluencies and deception 

Disfluencies occur most often in spontaneous speech (Swerts, Wichmann, 

& Beun, 1998). Disfluencies are traditionally defined as the use of uh, um, ah, er, 

false starts, and repeating words (Chomsky, 1965; Clark & Fox Tree, 2002; 

Oomen & Postma, 2001; Smith & Clark, 1993; Watanabe, Hirose, Den, & 

Minematsu, 2007). In American English conversational speech, about 6% of 
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words are defined by filled pauses, disfluencies, repetitions, non-lexical 

prolongations, and false starts (Fox Tree, 2002; Shriberg, 1994). The causes of 

disfluencies are in dispute as either being a response to speech production errors 

(Chomsky, 1965; Watanabe et al., 2007) or caused from strategic use to aid 

communication (Clark, 2006; Clark & Fox Tree, 2002; Clark & Wasow, 1998). 

Disfluencies may have bearing on identifying deceptive and truthful 

communication.  

One theory regarding disfluencies is that disfluencies arise from speech 

production errors. Speech production errors can occur because the speaker is 

searching for a word and hesitates to form a thought or other cognitive function. 

Cognitively, the speaker monitors for speech production errors and responds 

with a silent pause or a filled pause during speech articulation. A silent pause is a 

hiatus of speech for brief time. A filled pause may include the utterance of a 

disfluency (e.g., um, uh, ah, er, etc.) or an interjection (e.g., you know, I mean, 

like, etc.). Disfluencies may also include repeating a phrase.  

Not everyone agrees that um and uh are disfluencies (Clark & Fox Tree, 

2002; Arciuli, Mallard, & Villar, 2010; O’Connell & Kowal, 2005). Clark and Fox 

Tree (2002) argue that uh and um are interjections. As interjections, such as you 

know and I mean, um and uh have meaning and purpose. Clark and Fox Tree 

studied the use of uh and um in 50 face-to-face conversations from the London-

Lund corpus. It contains 170,000 words recorded from individuals in two- to six-

person settings. According to Clark and Fox Tree, as speakers plan their speech, 
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they monitor themselves, anticipate any delays, and decide whether to use uh or 

um. Uh is used to signal a short delay and um is used to signal a long delay. The 

purpose of signaling is to communicate an expectation of a delay and to maintain 

the speaking turn. To Clark and Fox Tree uh and um are English words, not mere 

noise.  

Disfluencies and filled pauses are not just reactions to speech production 

errors (Smith & Clark, 1993). They can be used to purposefully signal delays in 

speech, imply meaning, and be strategically used while mentally performing self-

monitoring. Smith and Clark suggest that responses to questions are guided by 

two goals that are fundamentally social: exchange of information and self-

presentation. Speakers may insert disfluencies to avoid the implications of silent 

pauses and preserve the appearance of fluent speech (Smith & Clark, 1993). 

Speakers understand that listeners are highly sensitive to disfluencies and silent 

pauses. Speakers fill silent pauses to preserve an appearance of being 

knowledgeable conveyers of information (Corley & Stewart, 2008). Additionally, 

speakers use disfluencies when they have already begun speaking and find 

themselves unprepared to finish their thoughts. As a social courtesy, when 

speakers begin talking without carefully considering what they are going to say, 

they are often compelled to insert disfluencies to continue the flow of speech for 

their listeners (Clark & Wasow, 1998). 

The idea that speakers produce disfluencies as a result of social pressure to 

preserve conversational flow also suggests that other filled pauses are used 
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deliberately. Speakers adopt an intrinsic timing behavior to control their flow of 

speech and to organize their conversation (Esposito, Stejskah, Smekah, & 

Bourbakiss, 2007). Studies have shown that speakers insert uh or um into pauses 

to announce that they are initiating a delay in speaking (Clark, 2006). O’Connell 

and Kowal (2005) propose that filled pauses are used to control discourse. They 

claim that disfluencies may allow the speaker additional time to produce ideal 

speech (O’Connell & Kowal, 2005).  

2.5.2 Disfluency & deception phenomena, conflicting evidence 

It has been proposed that disfluencies, nonfluencies, and filled pauses are 

used differently by deceivers and truthtellers. Some studies show disfluencies 

increase with deceptive communication. Others find no difference or that 

truthtellers use more disfluencies than deceivers. The effect size of um with 

deception is “no longer as strong as once believed” (Sporer & Schwandt, 2006, p. 

437). This dissertation will attempt to identify the discrepancies, will compare the 

competing theories, and will suggest improvements to resolve the phenomenon. 

Hypotheses will be tested using two, new large datasets of spontaneous 

deceptive/truthful speech.  

2.5.3 Reasons why deception may increase disfluencies 

The reason for an association between disfluency and deception is as 

follows. It is assumed that deceptive speech is more cognitively difficult than 

truthful speech (Buller & Burgoon, 1996; Ekman & O’Sullivan, 1991). The 
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increased cognitive load causes deceivers to produce more speech production 

errors. More speech errors results in more disfluencies, more false starts and 

restarts, and more repeating of phrases (Hosman & Wright, 1987; Vrij & Winkel, 

1991). See Figure 2. 

 

 

 

Figure 2. Cognitive Load-Disfluency model, an association between deception 

and disfluencies through increased cognitive load and speech errors.  

 

For purposes of comparison, this line of reasoning will be called the 

Cognitive Load-Disfluency model. The Cognitive Load-Disfluency model relies on 

at least two causal links: that deception increases cognitive load and that 

increasing cognitive load increases disfluency use. “We expected liars to show 

more ‘ah’, and ‘non-ah’ speech disturbances… as these behaviors are associates 

with thinking hard.” (Vrij, Edward, Roberts, & Bull, 2000, p. 242).  

Several studies have proposed these causal linkages and have observed an 

increase in disfluency use by deceivers. Hosman and Write (1987) and Vrij and 

Winkel (1991) observed increased um in lying. In a mock interrogation with 

police officers, deceptive participants used more um and uh than truthful 

participants (Vrij & Winkel, 1991; Vrij & Heaven, 1999).  
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2.5.4 Reasons why deception may not increase disfluencies 

The contrary ideas are that disfluencies and speech disturbances are not 

associated with deception, that there is no observable difference, or that 

truthtellers use more um and uh than deceivers. DePaulo, Lindsay, Malone, 

Muhlenbruck, Charlton, and Cooper (2003) conducted a meta-analysis of 120 

independent sample groups and concluded that speech disturbances were not a 

cue to deception. Benus, Enos, Hirschberg, and Shriberg (2006) observed that 

um is associated with truthful communication. For comparison to the Cognitive 

Load-Disfluency model, this alternative reasoning will be called the Suppression-

Disfluency model. See Figure 3. 

 

 

 

 

Figure 3. Suppression-Disfluency model. Proposed association between truthful 

speech and disfluencies because deceivers suppress um and uh.  

 

 Listeners perceive filled pauses after a direct question as an indicator of 

deceptive intent (Fox Tree, 2002). Fox Tree investigated whether fillers are 

filtered by the listener or affect listener judgment. Third-party listeners consider 

speech that includes pauses and um as coming from speakers with more 

production difficulty, less honest, and less comfortable with the topic. The 
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listeners assess the speaker’s intent to produce an anticipated or an unanticipated 

delay using pauses and um (Fox Tree, 2002).  

Deceivers manage their self image. They desire to portray themselves as 

credible and avoid appearing incredulous (Buller & Burgoon, 1996). Discourse 

markers of uncertainty, such as um, are removed by speakers when lying 

(Akehurst, Kohnken, Vrij, & Bull, 1996; Vrij & Semin, 1996). The desire by the 

deceiver to manage self-image, appear more credible, and appear more 

comfortable with the topic influences the deceiver to monitor for and remove 

disfluencies and filled pauses. Truthtellers are not affected by the same 

motivation and may not monitor for disfluencies to the same degree as deceivers.  

2.5.5 Uh and um may not be speech errors 

Arciuli, Mallard, and Villar (2010) argue that um and uh may either be 

disfluencies or lexical items, and thus um and uh have contradictory predictions 

regarding their relationship with deception. Um and uh may have lexical meaning 

and therefore are distinct from other disfluencies, such as repetitions and false 

starts. In their study, um was used more often and of longer duration when 

participants were in the truthful condition than when in the deceptive condition. 

Arciuli et al. limited their investigation to um and the interjection like. 

Arciuli et al. opine from their findings that “um may not be conceptualized 

as a filled pause/hesitation or speech disfluency/error whose increased usage 

coincides with increased cognitive load of increased arousal during lying” (Arciuli 
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et al., 2010, p. 379). They propose that um may be similar to an interjection and 

coincide with authentic, truthful, and effortless communication.  

Benus et al. (2006) contributed to this line of reasoning by claiming that 

disfluencies are controllable by the speaker and that uh and um are not 

disfluencies. They observed more silent pauses and filled pauses associated with 

truthtelling. Further reasoning, they claim that the use and type of filled pauses 

may be controllable by the speaker (Benus et al., 2006; Swerts et al., 1998). 

Swerts, Wichmann, and Beun found that filled pauses can mark structural 

boundaries that are larger in scale than a sentence. Um and uh are not 

disfluencies but interjections with semantic meaning.  

In the Benus et al. study, participants used filled pauses more when telling 

the truth than when being deceptive. The study included 32 participants who 

answered questions from an interviewer. Speakers used a footpedal to indicate 

the deceptive or truthful nature of their statements. Each participant chose when 

to be deceptive or truthful. The corpus included 2103 um and 1511 uh, which 

combined make 4.5% of all words in the corpus.  

The Suppression-Disfluency Model relies on um and uh being controllable 

or on not being disfluencies and therefore not being affected by any supposed 

cognitive load-disfluency causal relationship. Fox Tree concludes that ums are 

distinct from filled pauses (Fox Tree, 2002). Stolcke and Shriberg (1996) used n-

grams to assess the probability of disfluencies in a corpus of 1.8 million words 

Swithboard corpus. They discovered that the filled pauses (e.g., uh and um) 
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correlate strongly with the words and syntactic structures that follow the filled 

pause but not with those that precede the filled pause. This indicates that using a 

filled pause may have linguistic purposes besides simply filling a silent pause. 

Benus et al. and Arciuli et al., building on Clark and Fox Tree’s work, 

suggest that uh and um are not the results of speech errors but instead the result 

of strategic communication. Because deceivers wish to avoid the negative 

perception associated with hesitation or the use of um, they filter these during 

speech production. Another reason for fewer disfluencies by deceivers is that 

deceptive speech is more planned than truthful speech. With more speech 

planning there are fewer speech errors and fewer disfluencies in deceptive speech 

than truthful speech.  

This dissertation expands on the Benus et al. study and Arciuli et al. study 

by testing their theory to empirical evidence, increasing the sample size from only 

a score of participants to several hundred, and by expanding the investigation to 

include more than um and uh. This study should provide evidence in favor of 

either the Cognitive Load-Disfluency model or the Suppression-Disfluency 

model.  

Research Question: Does the Cognitive Load-Disfluency model 

or the Suppression-Disfluency model more accurately predict the 

outcome of disfluency use by deceivers and truthtellers?  
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2.5.6 Resolving the disfluency & deception relationship 

The conflicting evidence regarding disfluencies and deception may be 

resolved through the following logic, which results in testable hypotheses.  

2.5.7 Redefining disfluency 

A second reason for the disfluency-deception contradiction may arise from 

the definition of what constitutes a disfluency. Arciuli et al. suggest that the 

discrepancies among disfluencies and their relationship to deception is because 

other researchers classify um, uh, er, and others together, which may cancel their 

correlation with deception. According to Arciuli et al., um should be measured as 

a separate cue and not as part of disfluencies because of its possible linguistic 

meaning. If um has a negative correlation with deception and uh or ah have a 

positive correlation, then combining these utterances into one construct may 

cancel the main effect. Several researchers suggest that um and possibly uh 

should be considered interjections instead of disfluencies (Arciuli et al., 2010; 

Benus et al., 2006; Clark, 2006; Clark & Fox Tree, 2002). If the arguments that 

uh and um have semantic meaning and are controllable by the deceiver is correct 

and if the argument that cognitive load increases er, ah, and filled pauses but not 

interjections, then the following hypothesis can be tested.  

 

H4. Um and uh decrease in usage with deception and er, eh, ah, 

ttt, and repeated phrases increase with deception.  
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To define uh and um as interjections while predicting that deceivers use 

fewer uh and um, Arciuli et al. and Benus et al. make the inference that 

interjections are found less frequently in deceptive speech than truthful speech. 

Common interjections are you know, I mean, like, well, okay, yeah, and oh. Fox 

Tree and Schrock (2002) suggest that interjections may have different meaning, 

use, and frequency than disfluencies. Arciuli et al. (2008) did not find a 

difference in the 32 participants’ use of the interjection like when truthful or 

deceptive. They call for future research to examine a wider range of interjection-

like utterances, with larger sample sizes, and in high-stake deception.  

2.5.8 Deception may not increase cognitive load sufficiently 

The Cognitive Load-Disfluency model relies on the theory that deception 

increases cognitive load, which increases speech errors and thereby disfluencies. 

There is some evidence that increasing cognitive load does increase speech errors 

and disfluencies. Oomen and Postma (2001) demonstrated that increasing 

cognitive load increased the frequency of speech errors and the frequency of 

disfluencies. Their experimental manipulation combined speech tasks with tactile 

tasks, which increased cognitive load and created divide attention more than 

when just in the speech task. According to their argument, disfluencies are not 

caused by central attentional resources (i.e., working memory) but their study 

provides evidence that disfluencies are generated from automatic processes in 

response to speech errors. They don’t discount the possible strategic use of 
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disfluencies, but limit their findings to situations of divided attentions during 

spontaneous speech. 

In the Oomen and Postma study, the speech and tactic tasks were 

sufficient to overtax the central attentional resources resulting in more 

disfluencies. Automatic cognitive processes responded to the increased speech 

errors by substituting um and uh. Regarding deception, it is unclear how much 

cognitive load increases when being deceptive. It may be that in prior deception 

studies the deceiver was not sufficiently taxed and had sufficient central 

attentional resources to mitigate speech errors and to apply strategic 

communication, unlike in the Oomen and Postma speech-tactile task. If the 

cognitive load of deception does not significantly reduce central attentional 

resources, then speech errors will not increase, nor will disfluencies. The premise 

is not whether cognitive load increases with deception, but the amount of central 

attentional resources available to self-monitor and to correct for speech errors 

before they are articulated. In deception studies where disfluencies increased 

with deception, participants may have been overly taxed. In studies where 

disfluencies decreased with deception, the participant may have not been taxed 

enough and instead they had sufficient cognitive resources available to modify 

their behavior.  

Vrij and Heaven (1999) showed a conflicting relationship between 

disfluencies and deception. They observed that for more difficult deception more, 

disfluencies occurred and for easier lying, fewer disfluencies were observed. 
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One method of increasing the difficulty of a question is to ask participants 

to relate an experience in reverse chronological order. Vrij, Leal, Granhag, Mann, 

Fisher, Hillman, and Sperry (2008) found an increase in um when lies were told 

in reverse order. The datasets created for this dissertation include questions that 

may be perceived as more difficult to answer than others, including a question 

requiring the participant to answer in reverse chronological order. The following 

hypotheses can be tested.  

 

H5. Reverse chronological order responses have a greater rate 

of disfluencies than responses given in chronological order. 

 

H6. Deceivers have a greater rate of disfluencies in response to 

reverse chronological order questions than to chronological ones, 

and deceivers use more disfluencies than truthtellers.  

 

Confirmation of these hypotheses would support the cognitive load 

assumption for deceptive communication while explaining why easier questions 

did not result in increased disfluency rates for deceivers.  

2.5.9 Repeated phrases and deception 

Repeating words or phrases have been classified as disfluencies and are 

thought to arise from speech production errors. An example is, “I I I don’t know 

the answer.” However, Clark and Wasaw (1998) state that repeated words may be 
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strategic in nature, meaning the speaker chooses when and when not to apply 

repeated words. They theorize that repeating a word or phrase can aid in turn 

taking. The listener hears the repeated words and turns attention to the speaker. 

After receiving attention, the speaker repeats the initial words to maintain 

continuity in his/her statement.  

Clark and Wasow (1998) propose a commit and restore model for repeated 

words. They propose four phases: 1. person commits to speaking, 2. suspension 

of speech, 3. a hiatus, then 4. restart of the constituent. They found that the 

constituent (i.e., meaning of the sentence) doesn’t change but is consistent before 

and after the hiatus. Clark and Wasow found that the more complex the 

constituent, the more speakers use a repeating words strategy. This finding may 

imply that more complex screening questions would result in more uses of 

repeating words.  

Clark and Wassaw (1998) found that repeating phrases are associated with 

more complex sentences. Constituents tend to be longer or more complex when 

immediately proceeded by a filled pause than when not (Watanabe et al., 2007). 

Given that deceivers tend to obfuscate through complexity, the following 

hypothesis will be tested using complexity as constructed by Zhou et al. (2004a).  

 

H7. Complexity is positively correlated with disfluencies, 

particularly with repeated phrases. 
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H8. Deceivers exhibit a greater rate of complexity and repeated 

phrases than truthtellers.  

2.6 Linguistic Purposes of Hedging 

Another potential cue to deception is that of hedging words. Lakoff et al. 

defined hedging as words whose job is to make things more or less fuzzy (Lakoff, 

Peranteau, Levi, & Phares, 1972). 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). Hedging 

expresses tentativeness or probability and includes statements used to avoid 

commitment (Hyland, 1998). Consider these two statements, which include 

epistemic words: 

 

The company will experience record profits this year. [1] 

The company might experience some profits this year. [2] 

 

It is obvious that Example 1 communicates confidence in the speaker’s 

opinion and prediction. The second example qualifies the prediction with the 

word might, which communicates uncertain probability, and with the word some, 

which communicates an uncertain quantity. In the second sentence, the author 

communicates tentativeness, e.g., hedging, and at the same time protects 

himself/herself from accountability should the prediction fail.  
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Through hedging, the author reduces the strength of a statement (J. Zuck 

& L. Zuck, 1986). Hedges are any manipulative, non-direct sentence that 

strategically says less than one means (Markkanen & Schroder, 1989). With 

hedging, the author purposefully makes a lack of explicit commitment to the 

veracity of a statement (Hyland, 1998). The salient point in these definitions is 

the strategic nature of hedging. 

2.6.1 Link between hedging and deception 

The link between deception and the use of hedging can be stated in the 

following proposition.  

Proposition 1: Deceivers strategically use hedging devices for 

information management purposes and to avoid responsibility; and they do so 

more often than truthtellers because of the need to obfuscate, misdirect, and 

fabricate.  

Deceivers need linguistic devices to manipulate information along 

dimensions of completeness and veridicality, i.e., information management 

(Buller & Burgoon, 1996). Hedging communicates without completeness and 

reduces certainty. Hedging creates fuzziness.  

Additionally, hedging minimizes the contrarian’s ability to falsify the 

deceptive message. Consider again Example 2. If profits decreased instead of 

increased, the hedger could not be held accountable for any error because the 

hedger did not take a declarative position. Hedging creates a barrier of protection 

which the deceiver can hide behind, which is a motivational factor of deceivers 
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(Buller & Burgoon, 1996). Since deceivers in managerial fraud have inside 

knowledge that could negatively affect the company, personal profit, or their self-

image if the public knew of it, the deceiver has a need to obfuscate, misdirect, or 

fabricate. For these reasons it is hypothesized that deceivers use hedging at a 

higher rate than truthtellers.  

 

H9: Deceivers use hedging devices at a greater rate than 

truthtellers.  

 

Although hedging has not been researched in the context of deception or 

managerial fraud, hedging has been well researched by sociolinguists. Hyland 

(1998) identifies various surface features of hedging by identifying modal verbs, 

adverbs, adjectives, lexical verbs, nouns, and phrases that have hedging uses.  

2.6.2 Hedging modal verbs 

The first hedging category is that of modal verbs. Not all modal verbs have 

hedging purposes. The following are epistemic modal verbs that communicate 

something less than certainty; therefore, they are useful as hedgers: ought, 

should, would, could, may, and might. Consider the following examples.  

 

We may be sued for product liability. [3] 
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We might become involved and are currently involved in 

litigation over proprietary rights, which could be costly and 

time consuming. [4] 

These communicate possibility and probability but do not communicate 

certainty as does will, must, and won’t. 

Some modal verbs have deontic purposes, which communicates a legal or 

moral obligation. These are must, shall, have to, have got to, need to, and can 

(can’t and cannot). Consider Examples 5 and 6 which use shall as an indicator of 

legal obligation rather than as a hedging device.  

 

Any monies advanced under such note shall bear interest 

at the rate of 7.5% per annum. [5] 

 

Any monies collected shall be due and payable upon the 

earlier of December 31, 1999 or the completion of an 

equity financing for gross proceeds of at least 

$10,000,000. [6] 

 

Some modal verbs are polysemous (Huddleston, 1971), which can create 

difficulties in using computer-automated means for identifying a modal verb with 

hedging purpose. For example, should can be used epistemically as a hedger (see 

Example 7) or with deontic sentiment (see Example 8). 
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Both Florida Water and Heater operate in states that are 

currently experiencing rapid population growth, which 

should contribute to our expected annual customer growth 

of 4% to 7% over the next two years. [7] 

 

This analysis should be read in conjunction with the 

financial statements and related notes which appear 

elsewhere in this report. [8] 

 

May has an alternative meaning of permission, but this usage is rare 

(Hyland, 1998). The word can has multiple purposes but does not have an 

epistemic meaning. One sentiment is of capability (see Example 9) and another is 

deontic (see Example 10).  

 

Under the Bank Credit Facilities, the Company has total 

commitments of $1,550,000 and can borrow up to 

$1,650,000 in the aggregate. [9] 

 

You can leave. [10] 
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Replacing the word can in Example 9 with “is able to” shows the reference 

to capability (i.e., ability) not to probability. Consider “You can leave” in Example 

10. This example has two interpretations: as having the capability of leaving or as 

having permission/obligation to leave. Without additional context, the reader is 

unable to discriminate the two interpretations. Because can is not used to reduce 

certainty, it is not useful to a lexicon of hedging modal verbs.  

However, when combined with other hedgers, can may be part of a larger 

hedging clause, such as in the clause “there can be no assurance.” Example 

sentences 11 and 12 take on a hedging semantic.  

 

However, there can be no assurance that this investment 

will be completed. [11] 

 

There can be no assurance that any of these companies 

will be successful or achieve profitability or that we will 

ever realize a return on our investments. [12] 

 

In these examples the other hedging words, i.e., however and assurance, 

are required for the sentence to communicate epistemic uncertainty. These 

examples imply “let the buyer beware” and “uncertainty in our claim exists.” 

Phrases and clauses with hedging purposes were not included in this study 

because of the lack of established lexicons, but they are worthy of investigation at 
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a future date. Because these examples include other hedging words which are 

included in the other hedging lexicons, these two example sentences are 

successfully counted in the hedging analysis.  

Zhou et al. (2004a) investigated modal verbs collectively as one of 24 

linguistic-based cues of deception. They investigated a laboratory experiment 

where dyads communicated via email. One of the dyad was instructed to deceive 

the partner. Zhou et al. included modal verbs as a cue to deception and found 

that deceivers used more modal verbs than truthtellers. Zhou et al.’s reasoning 

for including modal verbs was because it was thought that modal verbs indicated 

uncertainty and vagueness, which are associated with deception. However, as it 

was demonstrated earlier in this chapter, only five of the modal verbs 

communicate uncertainty or are distinguishable from their non-hedging 

alternatives. Therefore, Zhou et al.’s findings, which are not in doubt, may be 

attributed to other factors not related to uncertainty or vagueness. It is proposed 

that hedging modal verbs have stronger internal validity for the construct of 

uncertainty and vagueness than using the entire class of modal verbs.  

 

H10: Deceivers use hedging modal verbs at a greater rate than 

truthtellers. 

 

H11: Deceivers use non-hedging modal verbs at a lesser rate 

than truthtellers. 
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2.6.3 Hedging epistemic lexical verbs 

Apart from modal verbs, there are other epistemic lexical verbs which can 

be used as hedgers. According to Hyland, epistemic lexical verbs are “the most 

transparent means of coding the subjectivity of the epistemic source and are 

generally used to hedge either commitment or assertiveness” (Hyland, 1998, p. 

20). Example 13 demonstrates the use of an epistemic lexical verb as a hedger. 

Additional lexical verbs are presented in Table 5. 

 

We expect these product lines to account for a higher 

percentage of our future sales over time, although the 

markets for these products and solutions are still emerging 

and may not develop to our expectations. [13] 
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Table 5. Hedging Lexical Verbs 

Lexical Verbs 

anticipat* expect* indicated propos* 

appear* feel* indicating reckon* 

assum* felt infer* seek* 

assur* forecast* intend*  seem* 

believ* guess* plan* show* 

calculat* imply predict speculat* 

claim* implies predicts suggest* 

conclud* implied predicted think* 

connote implying predicting thought 

deduc* indicate presum*  

estimat* indicates project*  

Note. The asterisk serves as a wild card to include counting –ing, -es, -ed, -tion, and other root 

variations. 

2.6.4 Hedging conjunctions, adjectives, and adverbs 

The previous example includes another hedging word although, whose 

linguistic purpose is a conjunction and to epistemically counter the previous 

statement. Although communicates to the user the presence of exceptions, 

violations, or uncertainty regarding the primary claim. Other conjunctions that 

can serve the same purpose include if (see Example 14) and notwithstanding. 
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The Company cannot predict the extent to which 

competition will materialize from other cable television 

operators, local telephone companies, other distribution 

systems for delivering television programming to the 

home, or other potential competitors, or,  if  such 

competition materializes, the extent of its effect on the 

Company. [14] 

 

 In scientific articles, Hyland (1998) found that adjectives, adverbs, and 

nouns constitute 53% of the lexical hedgers. The following non-exhaustive lists 

are those words which have been found to be used as hedgers because of their 

epistemic, less-than-certain meanings. See Tables 6 and 7. Tables 5, 6, and 7 are 

derived from Hyland (1998) with suffix variations and synonyms added. There 

are at least two hedging nouns: possibility and probability.  
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Table 6. Hedging Adjectives 

Adjectives 

about most suggestive 

apparent predictive connotative 

approximate possible deductive 

assumptive potential speculative 

indicative probable  

many presumptive  

 

Table 7. Hedging Adverbs 

Adverbs 

almost nearly rarely 

around normally relatively 

apparently occasionally slightly 

approximately often soon 

eventually mostly some 

essentially partially somehow 

generally perhaps somewhat 

however possibly unlikely 

likely potentially usually 

likelier presumably virtually 

likeliest probably  

maybe quite  
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Many hedging words modify numerical data, e.g., most, some, about, and 

approximately (see Example 15). They can be used by an author to express a 

quantity, frequency, or probability with inexactness, which may be a hedging 

strategy.  

 

In connection with the closing of the Century acquisition, 

Adelphia issued approximately 47,800,000 new shares of 

Adelphia Class A common stock and paid approximately 

$811,900 to the stockholders of Century, and assumed 

approximately $1,700,000 of debt. [15] 

 

H12: Deceivers use hedging conjunctions, hedging adjectives, 

and hedging adverbs at greater rates than truthtellers. 

 

Zhou et al. (2004a; 2004b) investigated the use of adjectives and adverbs 

by deceivers. They combined all adjectives and adverbs into a variable called 

modifiers and included modifiers under the construct of uncertainty. However, 

they did not make any distinction between those with epistemic meaning and 

those without. For example, the words lovely, lonely, motherly, friendly, and 

neighborly are adjectives but have no epistemic meaning. Adverbs that increase 

certainty include definitely and absolutely. These words communicate certainty 

and should not be used as hedgers. Zhou et al. (2004a) did find that deceivers 
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used more modifiers than truthtellers. By distinguishing between hedgers and 

non-hedgers, internal validity of these constructs can be improved. The theories 

that use these constructs can also be improved as the reason behind the observed 

use of more modifiers by deceivers is better understood. If hedging is not found 

to be a discriminator of deception, then it can be derived that adjectives and 

adverbs are the cause of Zhou et al.’s findings rather than uncertainty. 

One of the purposes of this research is to create an automated system that 

can discriminate between fraudulent and non-fraudulent financial statements 

based on cues consistent with deception. Machine learning algorithms using 

Zhou et al.’s linguistic-based cues have been successful in discriminating 

deceivers from truthtellers with 60% to 80% classification accuracies, depending 

on the algorithm used and corpora tested (Zhou et al., 2004b). This fact prompts 

the following research question:  

Research Question: Can the presence of hedging devices be used 

to improve classification accuracies in financial disclosures? 

It is anticipated that a classification algorithm, such as decision tree, will 

be successful at discriminating between fraudulent 10-Ks and non-fraudulent 10-

Ks. 

2.6.5 Competing motivations to the use of hedging devices 

There may be a disadvantage to using hedging, which discourages 

fraudulent business managers from using them. Consider the first two example 

sentences again. 
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The company will experience record profits this year. [1] 

The company might experience some profits this year. [2] 

 

Sentence 1 is the type of claim a competent manager might make, or one 

that stakeholders might expect from a competent manager. Sentence 2 could 

communicate a lack of competency in one’s ability to generate profits. Hedging 

devices may negatively reflect on one’s image as competent. The deceiver may 

have competing motivations–use hedging to protect oneself or appear competent 

by avoiding hedging devices. This dissertation can provide evidence for or against 

either proposition.  
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CHAPTER 3. METHODOLOGY AND APPROACH 

This section describes the process for data collection and the software used 

to generate linguistic cues. There were three data collections that were used for 

investigating the research questions and testing the hypotheses. One set is a 

collection of publically-available fraudulent and non-fraudulent financial 

disclosures (Fraud/Non-fraud dataset). The second dataset was from a laboratory 

experiment that asked twelve questions of participants (Cultural Interviews 

dataset). Each participant responded deceptively to some questions and 

truthfully to others. The Cultural Interviews dataset included a diverse sampling 

of cultures and nationalities. The third dataset was from a mock crime 

experiment (Mock Crime dataset) in which a subset of the participants “stole” a 

ring from an office and all participants were interviewed by professional 

interviewers for their guilt or innocence in the mock crime. 

The use of these three datasets is beneficial because of the combination of 

real-world data and laboratory data, multi-cultural sampling, and different 

deceptive motivations and scenarios. The desire is to identify deceptive behaviors 

that are globally applicable across the three datasets and those behaviors that are 

unique to the specific context.  

3.1 Cultural Interviews Experiment Description and Protocol 

A laboratory experiment was conducted where interviewees responded to 

12 questions posed by professional interviewers. Participants represented diverse 
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cultural backgrounds and answered some questions truthfully (T) and some 

deceptively (D).  

Participant recruitment came from advertisements in local newspapers, 

community shoppers, the campus newspaper, and on Craigslist online. Flyers 

were posted in a local mosque, at a Chinese Cultural Center, at a local community 

college, and in other locations frequented by international residents. Participants 

were paid for their time and could earn double the amount if deemed credible. 

The potential bonus provided motivation for successful deception. Participants 

arrived at the reception area where they were greeted by a research assistant who 

followed a standardized script. Participants completed a consent form and a brief 

questionnaire regarding their nationality, first language, age and sex. Participants 

were randomly assigned to one of the two interview sequences (truth-first or lie-

first). Sample size was 218. 

3.1.1 Cultural Interview questions 

The interview protocol incorporated 12 questions. Interviews varied in 

length but mostly lasted for 20 to 30 minutes. Questions asked were the 

following:  

1. What is the worst job you ever had and why did you dislike it?  

2. What would you do if your boss gave you credit for someone else's 

work?  

3. Tell me about a time when you thought of stealing something 

valuable from someone.  
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4. Please tell me everything you did today from leaving your home to 

arriving for this interview.  

5. What do you consider to be your greatest strengths?  

6. What else are you going to do today? Who will you see and where will 

you go?  

7. Think about people that really irritate you. Why do they bother or 

annoy you?  

8. What do you plan to do during your next break or vacation?  

9. Remember the room where you arrived for the experiment? Tell me 

everything about that room and what happened while you were there.  

10. Tell me about a time when you told a serious lie to get out of trouble.  

11. lf you found a wallet containing $1,000 and no identification in it, 

what would you do with it and why?  

12. What is the worst restaurant you ever went to? Why did you dislike 

it? 

After every three questions interviewees recorded their truthfulness in 

answering each question on a 0 (not at all) to 10 (completely truthful) scale. 

Interviewers were trained, professional polygraphers and were allowed to ask 

follow-up questions as needed to assess credibility. Interviewers, blind to 

condition, rated interviewees’ truthfulness using the same rating scale. After the 

interviews, interviewees proceeded to the debriefing room where they completed 

a post-interview questionnaire consisting of measures of motivation, arousal, and 
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cognitive difficulty; self-reported social skills; and self-reported cultural 

orientations. They were debriefed and paid for their participation. 

3.1.2 Cultural Interviews transcription process 

The interviews were transcribed and segmented into the 12 separate 

interview questions. To account for differing interview lengths, all count 

measures were standardized by segment length (raw counts divided by the total 

number of words in a segment) so as to avoid the confound of raw counts being a 

function of how inquisitive the interviewer was or how talkative the interviewee 

was. Subjects’ interview transcriptions included verbal responses to the twelve 

narrative questions in the interview. Subjects’ nonfluent utterances were also 

transcribed. Regular expressions were created to identify and sum the count of 

the disfluencies per question. The interviewer’s dialog was excluded prior to 

processing.  

A sample response to a question follows, with disfluencies in bold type:  

“Okay, um Tuesdays are my light day. I don’t have any classes 

today so I uh slept late, and I uh, woke up uh, made some uh 

grilled uh steak um for lunch uh, sat at my computer, checked my 

email, um looked at a couple of uh airline flights, uh chatted on 

line with one of my buddies from California, uh drove down to 

campus, uh met with um someone from um inter-fraternity 

council, supposed to meet and talk over some things, uh then came 

over here.” 
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The following regular expression identifies instances of repeated single-

word phrases:  “(\b\w+)[,\s]+\1\b”. The following identifies repeated two-

word phrases: “(\b\w+\b[,\s]\b\w+)[,\s]+\1\b”. 

A sample response that included repeating words is the following. 

“I, I’ve never thought of stealing something from someone.” 

A more detailed description of all the exact experimental procedures can 

be found in the Rapid Noncontact Credibility Assessment (Burgoon, Levine, 

Nunamaker, Metaxas, & Park, 2009). This author was integrally involved in all 

stages of the experiment and directly responsible for the transcription process 

and linguistic credibility assessment, the results of which are expanded in this 

dissertation.  

3.2 Mock Crime Experiment and Protocol 

Participants were recruited for a mock crime experiment. There were two 

treatment conditions: guilty and innocent. Those in the guilty condition “stole” a 

ring from a desk. Those in the innocent condition did not but were informed that 

something was stolen. All participants were interviewed by professional 

interviewers (blind to condition) as to their involvement. They were paid for their 

time and had a monetary reward as motivation to convince the interviewer of 

their innocence. To convince the interviewers of their innocence, the guilty 

parties had to be deceptive about the crime. The innocent parties simply had to 

tell the truth. At the end of the interview, the interviewer made a judgment as to 



80 

the participant’s guilt or innocence. During the interview five cameras (three 

visible light cameras, one thermal, and one near-infrared) and a laser Doppler 

vibrometer recorded the interviewee’s physiology and behavior. Manipulation 

checks insured that the participants conducted their task per their condition.  

3.2.1 Mock Crime participants 

Recruitment techniques similar to the Cultural Interview’s investigation 

yielded 489 potential participants. Of these potentials, 233 met the eligibility 

requirements and were scheduled for participation. Of those scheduled, 164 

arrived for the experiment and 155 consented and began the experiment. During 

the experiment, 30 participants were disqualified for failing to follow 

instructions, confessing to the crime, or refusing to sign the consent form. The 

end result sample size is 134 participants who actually completed the experiment.  

Of the participants, 54% (n = 72) of the sample was female, 44% (n = 59) 

was male, and 2% failed to report their sex; 76% of the sample was white/non-

Hispanic, 9% was Hispanic, 7% was black/African-American, and the remainder 

included Asians, Native Americans, and others. The range of age was 19 to 69 

with mean age of 40.38 (SD = 14.25). Median education was some college, with 

20% reporting only high school education with some technical training, 40% 

reporting some college or an associate’s degree, 26% reporting a four-year college 

degree, and 13% reporting post-graduate education. Only 8% reported being 

students. Occupations included sales associate, writer, construction, 

administrative assistant, and caregiver; 10% reported being unemployed. 
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3.2.2 Mock Crime questions 

The professional interviewers asked a series of 24 questions. They could 

ask follow-up questions as needed to assess the participants’ credibility. The 

questions were as follows.  

1. What color are the walls in this room? 

2. Are there any lights on in this room?  

3. Where were you born? 

4. What is the name of the building we are in? 

5. Did you ever take anything valuable from a place where you worked?  

6. Have you ever lied to a person in a position of authority? 

7. How do you feel about taking the credibility assessment 

examination? 

8. You know you are going to be tested about a crime committed in this 

building today. If you were involved in the crime in any way, you 

should tell me now. 

9. Would you please describe everything you did for the first two hours 

after you awoke today? Think about what you were doing, how you 

felt, and what happened. 

10. Now I’d like you to describe everything you did and saw from the 

moment you left the Esquire Building until you arrived here. 

11. At any time were you on the fourth floor of this building? 
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12. We sometimes verify the information that people in this study give 

us. If I call the receptionist in Room 429, is there any reason that he 

will say you were near the desk? 

13. Is there any reason why your fingerprints should be on a desk on the 

4th floor of this building? Maybe you just opened a receptionist’s 

desk to look for a pen? 

14. Is there any reason why we might see you entering room 429 on any 

surveillance camera tapes?  

15. I’d like you to now describe in reverse order everything you did and 

saw from the moment you arrived here back to when you left the 

Esquire Building. 

16. Is there anyone who can vouch for you coming directly to this room 

from the Esquire Building? 

17. What is the item that was taken? 

18. A ring was taken. Do you know where it is now? 

19. What do you think should happen to the person who stole the ring? 

20. Under any circumstances would you give that person a break? 

21. What kind of person would steal jewelry from someone’s desk? 

22. Is there anything that you said in this interview so far that you would 

like to change? 

23. At any time during this study, were you instructed to lie? 
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24. How do you think this credibility assessment of you will turn out 

today?  

Procedurally, the questions were to be asked in order. However, the 

interviewers did not necessarily ask each question in order. For example, 

question 11 (At any time were you on the fourth floor of this building?) was often 

skipped. The reason was because during the response to question 1o (Describe 

everything you did and saw from the moment you left the Esquire Building until 

you arrived here) it became apparent that the participant was on the fourth floor.  

Because not all questions were asked of the participants or the participants 

did not answer all questions, the sample size for each question is unique. Table 8 

provides the count of usable interviews for each question. Questions 1 through 4 

were not analyzed linguistically as the questions did not provide for a deceptive 

condition.  
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Table 8. Usable Interviews per Question for Mock Crime 

Q# Total N Guilty N Innocent N % Guilty % Innocent 

5 132 48 84 36% 64% 

6 131 48 83 37% 63% 

7 126 47 79 37% 63% 

8 122 44 78 36% 64% 

9 133 49 84 37% 63% 

10 132 49 83 37% 63% 

11 34 14 20 41% 59% 

12 129 48 81 37% 63% 

13 133 49 84 37% 63% 

14 131 47 84 36% 64% 

15 132 48 84 36% 64% 

16 131 49 82 37% 63% 

17 116 45 71 39% 61% 

18 133 48 85 36% 64% 

19 132 48 84 36% 64% 

20 127 47 80 37% 63% 

21 126 45 81 36% 64% 

22 118 42 76 36% 64% 

23 133 48 85 36% 64% 

24 131 49 82 37% 63% 

Note. Questions 1 - 4 were not analyzed.  
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3.2.3 Mock Crime transcription process 

Using the audio recordings from the camera feed, the audio was 

transcribed by professional transcriptionists. The transcription process was 

similar to the cultural interviews experiment. Minor transcription artifacts 

required cleaning, e.g., transcriptionist identifying laughing or coughing. A 

description of the process is described in Appendix D. 

The following is a sample transcript of participant 58 (questions 7-9) 

before the cleaning the transcript took place. The transcriptionists returned the 

transcripts formatted as follows, necessitating a conversion process into a 

database-compatible format.  

Interviewer: Q9 Okay, good. What I would like you to do right now is, 

describe in detail, everything you did, saw, felt, heard from 

the time you woke up for the following two hours. So, for the 

first two hours this morning tell me what happened? 

Interviewee: So right after I woke up? 

Interviewer: Yeah. 

Interviewer: Well, I had some friends over at my house, so I woke up 

pretty early, because I had a couple of mid-terms today to 

study for, so I woke up and I got my laptop ready so I could 

begin studying, I also made some eggs, it was pretty cold this 

morning, so I put a blanket over me, made some scrambled 

egg, well, I woke up one of the kids to ask him what he 
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wanted to eat, they all had a consensus that they wanted 

scrambled eggs, so those were the kind of eggs I made. One 

of them woke up, but the other two stayed sleeping, so I 

made them eggs and I took it to their bedrooms instead of 

having them come out. I studied for my climatology mid-

term, took some notes.  

  I said good-bye to two of my friends because they were 

leaving earlier; I was driving my other friend to the U of A 

with me. I got dressed, got ready to go, then we left and it 

takes about half an hour, forty-five minutes to get here, it 

was pretty ________, not too bad but, not enjoyable. We 

got there; I parked at Second Street garage, got ready to take 

my mid-term. I think that covers it. 

Interviewer: Ah huh, how did you do? 

Interviewee: I think I did pretty well, I was really tired this morning, so I 

was kind of falling in and out of sleep, but the questions that 

I remember were pretty easy, so. 

 

A more detailed description of each of the exact procedures can be found 

in the Noninvasive Measurement of Multimodal Indicators of Deception and 

Credibility (Burgoon, Nunamaker, & Metaxas, 2010). This author was integrally 

involved in all stages of the experiment and directly responsible for the 
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transcription process and linguistic credibility assessment, the results of which 

are expanded in this dissertation. 

There are two datasets available from the Mock Crime experiment. 

Interviewers were provided with a set of 24 main questions but allowed to ask 

follow-up questions as needed. This created two datasets of interviewee 

responses. One dataset is only of the initial response by the interviewee to the 

main question (First Responses). The other dataset is of the entire response to 

the question, including answers to follow-up questions (Entire Responses). An 

automated segmentation process, supplemented by manual segmentation of the 

questions, divided the responses into initial responses and entire responses. 

3.3 Fraudulent and Nonfraudulent Financial Disclosures 

Publicly financed corporations in the United States are required to submit 

financial documents to the Security and Exchange Commission (SEC) quarterly 

and annually. The mission of the SEC is to protect investors, maintain fair, 

orderly, and efficient markets, and facilitate capital formation (SEC, 2008a). One 

of the required financial statements submitted to the SEC annually is the 10-K 

form. The 10-K is submitted electronically and contains several sections where 

key financial indicators are presented along with a managerial discussion 

regarding the financial health and future outlook of the corporation.  

If the SEC discovers financial manipulation or obfuscation, an Accounting 

and Auditing Enforcement Release (AAER) is issued against the company and/or 

against specific stewards of the company. AAERs communicate to the public 
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concerning “civil lawsuits brought by the Commission in federal court and notices 

and orders concerning the institutions and/or settlement of administrative 

proceedings” (SEC, 2008b, p. 1). Subsequent action is taken in Federal court for 

reparations, if not settled out of court by the parties. The issuance of an AAER is 

a valid assumption of earnings manipulation and is useful for researching 

managerial fraud (Dechow et al., 1996). 

Of research interest for this study is the section of the 10-K called 

Management’s Discussion and Analysis (MD&A) which discusses the financial 

condition, results of operations, and future outlook of the company. This section 

is largely textual, subjective, and includes some tables of selected financial 

indicators. The 10-K is primarily composed by the Chief Accounting Officer or the 

Chief Financial Officer with involvement and approval of the Chief Executive 

Officer and other managers. Because AAERs are issued against the company or 

against specific stewards of the company for earnings manipulation and 

improper disclosure issues, the MD&A section provides a unique opportunity to 

investigate how management crafts language that contains obfuscation, 

misdirection, hedging, equivocation, deception, and fraud. In this research, the 

terms deception and fraud are used interchangeably. If an AAER was issued, then 

the SEC determined that the level of deception was significantly damaging to the 

public to warrant legal action. This research is not concerned with little white lies. 

Managerial fraud can result in large fines and even incarceration because of the 

negative impact to the public. 
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3.3.1 Selection criteria 

The sample size of 10-Ks is 202. Half the companies have AAERs issued 

against them (labeled fraud group) and half have never had an AAER issued 

against them (labeled the nonfraud group). Since the 10-Ks are text-based, 

natural language processing methods can be used to investigate the linguistic 

differences between the two groups. 

The SEC makes available 10-Ks and AAER through EDGAR, an online 

database of SEC forms (http://www.sec.gov/edgar.shtml). The fraudulent 10-Ks 

were identified by searching EDGAR for AAERs that included the term “10K” or 

“10-K.” Each AAER was manually read by the author and by Kevin Moffitt (co-

principle investigator) to confirm that the company’s 10-K was a fraudulent 

document, to gather the years in question, and to categorize the types of fraud 

committed. Companies named in AAERs are assumed to be guilty of earnings 

manipulations (Dechow et al., 1996). After excluding 40 companies and their 

associated 10-Ks from the 141 initially identified (see Table 9 for selection 

criteria), 101 company 10-Ks were left for analysis. Table 10 summarizes the 

primary types of fraud found in the 10-Ks. 

  

 



90 

Table 9. Selection Criteria for Fraudulent 10-Ks 

Criteria N 

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 

 

Table 10. Primary Types of Fraud Reported in the AAER for the Fraud Group 

Type of Fraud N (101) 

Overstatement of revenues 
44 

Overstating revenue and understating expenses 25 

Disclosure issue 10 

Overstatement of inventory 6 

Other income increasing effects 6 

Understatement of previsions for loan-loss reserves 5 

Other reasons 5 
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For the nonfraud group, 101 analogous non-fraudulent 10-Ks were 

selected using the following steps:  

1. Search EDGAR for a list of companies with the exact same 

Standard Industrial Classification (SIC) codes that exactly 

matches a company from the fraud group. This provides a list of 

potentially non-fraudulent companies to choose from. 

2. Randomly select a company from the list using a random number 

generator. 

3. Search the AAER database to see if the target company in step 2 

has any AAER issued against it anytime from the company’s 

inception through 2007. 

a. If no AAER is found, the target company is considered 

nonfraudulent. 

b. If an AAER is found, regardless of the reason, the target 

company is rejected and another randomly selected. 

4. Investigate if the target company in step 3 has a 10-K in the same 

year (or as closely as possible) as the fraudulent company. The 

10-K must not have any amendments.  

5. If the target company fails step 3 and step 4, randomly select 

another company.  

6. If it passes, the 10-K is added to the nonfraud group, and only one 

10-K per company is selected.  
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The nonfraud group’s 10-Ks had no amendments, no AAERs, and they 

were from the same industry and the same year as the fraudulent group’s 10-Ks. 

The purpose was to minimize potential confounds because of differing economic 

conditions or difference among uncommon industries. The non-fraudulent 

companies have no AAERs attached to them, which fact suggests a history of 

compliance to SEC regulations. Appendix B lists the companies labeled 

fraudulent and the year of the problematic 10-K used in this study. Appendix C 

lists the nonfraud group companies. 

The U.S. Census categorizes companies based on revenues according to 

the following breakdown. The same criteria were used in categorizing company 

size. 
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Table 11. U.S. Census Categorization of Company Size 

Company Size Code Revenues 

1 less than 100k 

2 100 - 499 K 

3 500-999 K 

4 1 to 5 Million 

5 5 to 10 Million 

6 10 to 50 Million 

7 50 to 100 Million 

8 100 to 250 Million 

9 250 to 500 Million 

10 500 to 999 Million 

11 1 to 2.5 Billion 

12 2.5 Billion or greater 

 

Company size was statistically different according to a nonparametric, 

independent samples test on company size and fraud/nonfraud group. A Mann-

Whitney U test reported statistical difference of p<=0.0005, df=201. The fraud 

group appeared to have larger corporations, as measured by revenues, than the 

nonfraud group. A Pearson product-moment correlation was significant, 
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r(200)=.45, p<.005, between company size and word count. This observation 

suggests that larger corporations have longer 10-Ks, which in turn suggests that 

using rate-based variables may be a better choice than raw counts. Both raw 

count and ratio variables will be used in a nested model designed logistic 

regression to determine if both raw counts and ratios are required for a successful 

predictive model.  

From an Information Systems point of view, if the goal is to have an 

automated, prescreening tool without human involvement, the company size 

should not be included in the classification model. The reason is that company 

size is not yet programmatically determinable from the financial disclosures. This 

fact defeats the goal of automated prescreening. However, in the future, financial 

statements may be tagged with semantic meaning that can help alleviate this 

problem. Semantic tagging of financial statements is not a popular practice yet 

nor is tagging required by the SEC.  

3.4 LCA Software  

To accomplish the linguistic credibility assessments needed for this 

investigation, a combination of open source software, proprietary software, and 

author-built software is used. 

Agent 99 Analyzer (A99A) is a suite of software developed to analyze large 

text corpora. The set of linguistic cues used by A99A are those originally 

proposed by Zhou et al. (2004a). See Table 2 for definitions of the A99A 
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variables. Most of the 15 studies reviewed in Table 3 (see also Table A1 in 

Appendix A) used A99A and further developed its cues.  

 The architecture of A99A uses open-source software written in Java for 

parsing, annotating, and analyzing documents. Additional algorithms calculate 

ratios for the linguistic cues. Then, machine learning algorithms or statistical 

procedures classify the data as deceptive or truthful. 

Linguistic Inquiry and Word Count 2007 (LIWC) is a commercial software 

package that automatically parses and analyzes text using dictionaries (Newman 

et al., 2003). LIWC automatically parses text into features using a series of 

dictionaries to analyze cues such as pronouns, emotional states, and 

nonfluencies. The advantage of LIWC is that the software is very easy to use. The 

dictionaries can be easily modified to include new cues or new words. One 

disadvantage is that software does do not assign words exclusively to one 

dictionary. This has the potential to violate statistical assumptions regarding 

variable independence and multi-collinearity. In addition, some of the 

dictionaries don’t seem to make intuitive sense regarding why a word was 

assigned to it. Despite these points, LIWC is quick and useful to deception 

research. A99A internally uses some of LIWC dictionaries.  

 This dissertation uses A99A and a python-based alternative of A99A called 

Structured Programming for Linguistic Cue Extraction (SPLICE) (Moffitt, 

Jenkins, & Burgoon, 2010). Additional cues are easy to add to SPLICE. As a result 

of this dissertation, five additional modules for SPLICES were created that output 
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24 new variables (see Appendix F for definitions). SPLICE is able to process text 

significantly faster than A99A. A99A sometimes has difficulty with large corpora 

and large text documents (e.g. 500K or larger). The 10-Ks could be 1000K or 

larger in file size. SPLICE does not yet possess part-of-speech tagging. Part-of-

speech tagging can help the dictionary-based cues. 

3.4.1 Dependent variables 

The dependent variables for the investigations are those used output by 

A99A (see Table 2 for definitions, pgs. 38-39) and those output by SPLICE (see 

Table F1 in Appendix F for definitions, pgs. 237-238).  

Classification was performed using the software Waikato Environment for 

Knowledge Analysis (WEKA), which includes dozens of machine learning 

algorithms to classify data, e.g., J48 Decision Tree, Naïve Bayes, and support 

vector machine (Hall et al., 2009).  
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CHAPTER 4. RESULTS 

Three datasets were collected for this investigation. A corpus of 202 real-

world fraudulent and nonfraudulent financial disclosures was collected. An 

experiment where participants responded to 12 interview questions was 

conducted (Cultural Interviews). An experiment simulating a mock crime was 

conducted and participants were interviewed with 24 questions to assess their 

guilt or innocence (Mock Crime). Participants in the Cultural Interviews and 

Mock Crime experiment were interviewed by professional interviewers. The 

interviewers asked a set of required questions according to protocol but were 

allowed to ask follow-up questions as desired.  

For the spontaneous speech hypotheses in this dissertation, only the first 

responses to the interview questions were considered. The answers to follow-up 

questions were ignored. This was done for several reasons. First, the professional 

interviewers were not consistent when asking follow-up questions. Responses 

may have varied in response to the interviewer dynamics instead of to the 

hypothesized behaviors. Second, many of the hypotheses in this dissertation deal 

with disfluencies and interjections, which are typically used at the start of a 

response. Thus, adding additional text from follow-up questions may dilute and 

hide the hypothesized behaviors. Third, the goal of this dissertation is to acquire 

knowledge that can aid rapid screeners. Rapid screeners usually have only a 

minute or so to assess deception and hostile intent. Rapid screening responses 
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are more similar to the experiment’s initial responses than to the full responses. 

Using findings from the initial responses will result in knowledge that is useful 

for rapid screening environments. Lastly, colleagues are developing a kiosk 

equipped with an embodied agent that can function as an automated pre-

screener in rapid screening environments. It is desired that the embodied agent 

adapt the interview to the probability of deception. Incorporating a linguistic 

credibility assessment capability is required. The initial classification on the 

initial question is important in adapting the kiosk intelligent agent to adjust 

interview questions. For these reasons, only the initial response to questions is 

investigated in this dissertation. 

For all t-tests and repeated measures GLM in the dissertation, a negative 

mean difference indicates that the cue rate was greater for truthtellers than for 

deceivers.  

4.1 Testing for Consistent Cues 

After a review of 15 studies on deception detection, nine linguistic cues 

were identified as consistent in multiple studies. Affect ratio, group reference 

ratio, modifier ratio, second person pronoun ratio, sentence quantity, and verb 

quantity were predicted to be greater for deceivers than truthtellers. Content 

word diversity, lexical diversity, and sensory ratio were predicted to be greater for 

truthtellers than deceivers. See Table 2 for definition of these cues. Following the 

protocol of the 15 studies (see Appendix F), independent samples t-tests were 

conducted for these nine cues on the Cultural Interviews and Mock Crime 
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datasets. Because H1 predicts cue direction, one-sided t-tests were conducted. 

Where significant differences were observed opposite the prediction, two-sided t-

tests are reported. See Table 12 for a summary of results. 

 Questions 1 through 12 were investigated for Cultural Interviews. Only 

questions 9, 10, and 15 of Mock Crime were of sufficient word quantity to warrant 

an assessment for the nine “consistent” cues.  

Several questions in Mock Crime were answered with very short 

responses, sometimes only a word or two. For example, questions 5, 6, 7, 11, 12, 

13, 14, 16, 20, 22, and 23 are yes/no type questions. Subjects often only answered 

with a few words. Short responses can compromise a linguistic credibility 

assessment by not providing enough words to behaviorally identify differences 

between deceivers and truthtellers on low-frequency cues. It will be explicitly 

stated throughout the results chapter when all the Mock Crime questions were 

used or when only a subset was used.  
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Table 12. Test Linguistic Cues 

Questions Content 

Word 

Diversity 

Group 

Ref-

erences 

Lexical 

Diversity 

Sentence 

Qty 

Verb 

Qty 

2nd  

PP 

Cultural Interviews N = 218 

1‡ 

2 D > T† D > T† T  > D† 

3-6‡ 

7 D > T† D > T† 

8‡ 

9 T  > D† 

10 T > D* T > D† D > T* 

11 & 12‡ 

Mock Crime N = 132 

9 & 10‡ 

15 T  > D† T  > D† T  > D† 

Note. 2nd PP is second person pronouns ratio. Affect ratio, modal verbs, and sensory ratio did not 

produce significant results. T > D indicates truthtellers had a greater rate than deceivers. 

* p < .05 (one-sided, t-tests), †p < .05 (two-sided, t-test) and was opposite the prediction. ‡ no 

significant differences found. 

 

The sample size for Cultural Interviews was 218. Depending on the 

question, deceptive n was 114 or 104 and truthful n was 104 or 114. Sample size 

for Mock Crime was 132. Generally, the deceptive n was 48 and the truthful n was 

84, but they varied slightly per question. Unless specifically specified as a 

quantity variable, cue values are ratios to total word count. They were multiplied 
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by 100 to represent percentages and to eliminate the reporting of fractional 

values with many zeros. Degrees of freedom were adjusted where the Levene’s 

test for equality of variances failed.  

A Bonferroni correction was not performed on these or any t-tests for 

three reasons. First, different theoretical reasons are used to explain why the 

behavior of each construct should behave as predicted. Each construct (e.g., 

hedging, disfluencies, interjections, etc.) is separate and independent from the 

others. This reduces the comparisons for each hypothesis to only a few variables. 

Second, the conclusions drawn from the t-tests are made on the overall pattern of 

results, not from any single t-test. It is unlikely that multiple t-tests on multiple 

questions having the same direction of behavior and having statistical 

significance would be due to random chance. Third, a repeated measures GLM 

was also conducted for many of the constructs. A repeated measures GLM is a 

more powerful statistical test and its findings can be compared to those of the t-

tests. These factors reduce the probability of Type I errors.  

Second person pronouns displayed significance in the direction 

hypothesized. On question 10 of Cultural Interviews (t=2.30, df=124, p=.012, M. 

diff=.007).  

Findings for content word diversity and lexical diversity were mixed. 

Content word diversity was greater for truthtellers than for deceivers on question 

10 (t=-1.93, df=216, p=.012, M. diff=-.035), as predicted; but it was greater for 

deceivers than truthtellers on question 2 (t=2.43, df=216, p=.016, M. diff=-.037) 
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and on question 7 (t=2.15, df=216, p=.033, M. diff=-.039). Lexical diversity was 

greater for truthtellers than deceivers on question 10 (t=-2.44, df=216, p=.008, 

M. diff=-.056), but it was the opposite behavior on question 2 (t=3.28, df=216, 

p=.001, M. diff=.065) and on question 7 (t=1.97, df=216, p=.033, M. diff=.041).  

For the following cues, truthtellers exhibited greater behavior than 

deceivers, opposite to predictions. Group references (t=-2.10, df=83, p=.039, M. 

diff=-.0004) and sentence quantity (t=-2.78, df=126, p=.006, M. diff=-1.49) were 

significant for the Mock Crime question 15. Verb quantity was significant in 

questions 2 (t=-2.52, df=216, p=.012, M. diff=-1.95) and question 9 (t=-1.97, 

df=216, p=.050, M. diff=-2.80) of Cultural Interviews and in question 15 of Mock 

Crime (t=-2.97, df=120, p=.004, M. diff=-7.04). Modal verbs, affect ratio, and 

sensory ratio did not produce significant findings.  

H2 tests the supposition that the nine “consistent cues” are beneficial to 

classification. This hypothesis was tested by using a nested model design to 

compare an inclusive model with a restricted model. The restricted model 

includes the variables: activation, average word length, emotiveness, imagery, 

modifier quantity, other references, passive verb ratio, pleasantness, redundancy, 

self references, spatial far ratio, spatial close ratio, temporal immediate ratio, 

temporal nonimmediate ratio, and word quantity. These variables are standard 

outputs from Agent 99 Analyzer (A99). The inclusive model adds the variables 

affect ratio, content word diversity, group references, lexical diversity, modal verb 



103 

ratio, sentence quantity, sensory ratio, verb quantity, and second person 

pronoun. A logistic regression was used as the classifier. 

In a nested model comparison, the omnibus test of model coefficients 

compares the log likelihood (-2LL; i.e., error) of the two models using a Chi-

square test. If the -2LL is significantly lower for the inclusive model than for the 

restricted model, then the variables added in the inclusive model are beneficial 

and required. Otherwise, the restricted model is sufficient without the additional 

variables.  

Each question in the Cultural Interviews experiment was tested, as were 

the questions 9, 10, and 15 from the Mock Crime experiment. The decrease in  

-2LL was significant for Cultural Interviews’ question 2 (Χ2=15.7, df=7, p=.028), 

Cultural Interviews’ question 10 (Χ2=21.1, df=7, p=.004) and Mock Crime’s 

question 15 (Χ2=22.2, df=7, p=.002). The Chi-squared value reported here is also 

the same value by which -2LL is reduced by the inclusive model.  

For Cultural Interviews question 2, the overall accuracy using the 

restricted model was 61% and the inclusive model achieved overall accuracy of 

73%. For Mock Crime question 10, the overall accuracy using the restricted model 

was 61% and the inclusive model achieved overall accuracy of 65%. For Mock 

Crime question 15, the overall accuracy using the restricted model was 65% and 

the inclusive model achieved overall accuracy of 79%. A nested model design does 

not involve multi-fold cross-validation. For the other questions, the inclusive 
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models did not perform significantly better than the restricted models. This was 

not unexpected given that the t-test failed to show significant differences.  

4.2 Imagery, Emotiveness, and Activation 

H3 predicts that truthtellers will use more imagery, emotiveness, and 

activation than deceivers in questions that require memory recall to recounting 

past experiences. Furthermore, H3 predicts that for questions not requiring 

memory recall, i.e., thought questions, moral dilemma questions, or future action 

questions, truthtellers and deceivers will not differ for imagery, emotiveness, and 

activation. The Whissell dictionary of affect terms gives scores for imagery and 

activation that range from 1 to 3 (Whissell, 2000). A score of 1.00 means 

passivity and low imagery. A score of 2.00 is neutral. A score of 3.00 is high 

activation and high imagery. Emotiveness is the ratio of adjective and adverbs to 

nouns and verbs.  

The Cultural Interviews experiment contained 12 questions in which 

participants were instructed to answer deceptively or truthfully. The Mock Crime 

dataset did not contain questions conducive to this inquiry. T-tests were 

conducted to determine the behavior of deceiver and truthtellers on imagery, 

emotiveness, and activation. Prior to the tests, the questions were categorized as 

to whether the participants would be required to access memory or to recall an 

experience or not. Questions were categorized into those requiring long-term 

memory, those requiring short-term memory (i.e., experiences that happened in 

the previous few hours), and those questions that do not require memory recall. 
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The distinction between short-term and long-term memory was decided upon 

because the recency of the experience may alter the amount of detail available to 

recall, thus altering the behavior. In addition, cognitive science theorizes that 

short-term memories are converted into long-term memories during sleep 

(Maqeut, 2001). Questions 4 and 9 were identified as short-term memory 

questions because they asked the participant to recount experiences since 

awakening that day. 

Because H3 is directional, i.e., increased behavior for truthtellers in recall 

questions, a one-sided t-test was used. Where observations are counter to the 

direction predicted, a two-sided t-test is reported. Behavioral results are 

displayed for the questions in Table 13. 

The sample size for Cultural Interviews was 218. Depending on the 

question, deceptive n was 114 or 104 and truthful n was 104 or 114. Cue values are 

ratios to the total word count. The ratios were multiplied by 100 to represent 

percentages and to eliminate reporting extra zeros in fractional values. The 

degrees of freedom were adjusted where the Levene’s test for equality of 

variances failed. 
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Table 13. Effect of Memory Recall on Activation, Emotiveness, and Imagery 

Questions I E A 

Questions Requiring Long-Term Memory Recall 

Q1. What is the worst job you ever had and why did you 
dislike it? 

Q3. Tell me about a time when you thought of stealing 
something valuable from someone. D > T†  D > T† 

Q12. What is the worst restaurant you ever went to? Why 
did you dislike it? D > T‡ 

Q10. Tell me about a time when you told a serious lie to get 
out of trouble. 

Questions Requiring Short-Term Memory Recall 

Q4. Please tell me everything you did today from leaving 
your home to arriving for this interview. T > D  T > D 

Q9. Remember the room where you arrived for the 
experiment? Tell me everything about that room and 
what happened while you were there. T > D  T > D 

Questions Not Requiring Memory Recall 

Q2. What would you do if your boss gave you credit for 
someone else's work? 

Q5. What do you consider to be your greatest strengths? 
Q6. What else are you going to do today? Who will you see 

and where will you go? 
Q7. Think about people that really irritate you. Why do they 

bother or annoy you? 
Q8. What do you plan to do during your next break or 

vacation? 
Q11. If you found a wallet containing $1,000 and no 

identification in it, what would you do with it and why? 
Note. I = imagery, E = emotiveness, A = activation. T > D indicates truthful behavior was at a 
greater rate than deceivers and p < .05 (one-sided t-test), †p < .05 (two-sided t-test). ‡p = .054 
(two-sided t-test). N = 218. Empty cells mean no significant differences were found. 
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Imagery was found to be statistically significant in question 3 (t=2.44, 

df=216, p=.015, M. diff=.095), question 4 (t=-2.44, df=216, p=.008, M. diff=-

.041), and question 9 (t=-2.26, df=216, p=.012, M. diff=-.080). Activation was 

observed significant in question 3 (t=2.03, df=216, p=.044, M. diff=.076), 

question 4 (t=-2.45, df=216, p=.008, M. diff=-.041), and question 9 (t=-2.30, 

df=216, p=.011, M. diff=-.082). Emotiveness was nearly significant for question 

12 (t=-0.617, df=215, p=.054, M. diff=-.022).  

Activation, imagery, and emotiveness were also tested on the 

Fraud/Nonfraud dataset. It was hypothesized (H3) that 10-Ks would not contain 

differences for activation, emotiveness, and imagery because the 10-Ks do not 

require accessing details from personal experiences the way the Cultural 

Interview questions would. Results are presented in Table 14. Degrees of freedom 

were adjusted where the Levene’s test for equality of variances failed.  

Table 14. Activation, Imagery, and Emotiveness in 10-Ks.  

Variables T value Df Fraud 

Mean 

NonFraud 

Mean 

Mean Diff. 

Activation 2.79**  193 1.655 1.647 .008 

Emotiveness 0.77 181 
0.233 0.230 

.004 

Imagery 2.84**  200 1.492 1.476 .016 

Note. Positive mean differences indicate the fraud group had higher means than the nonfraud 

group. N=202. ** p < .01 (two-sided, t-tests). 
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The mean values of activation and imagery were below neutral (2.00) 

indicating passivity and lack of imagery, as predicted. However, the fraud group 

seem to have displayed higher scores of activation, imagery, and emotiveness 

than the nonfraud group, contrary to prediction.  

 

4.3 Hedging in Financial Disclosures 

It is hypothesized that deceivers use more hedging devices than 

truthtellers. The hedging devices investigated are hedging modal verbs, hedging 

lexical verbs, hedging adjectives, hedging adverbs, and hedging conjunctions. A 

variable for overall hedging was created from the sum of the other hedging 

categories.  

4.3.1 Hedging behavioral differences in 10-Ks 

A group of fraudulent 10-Ks (n=101) and a group of nonfraudulent 10-Ks 

were collected (n=101) for a total sample size of 202. Before testing the 

hypotheses, rates are presented on hedging words used by the fraud group (Table 

15) and by the nonfraud group (Table 16). Even though the word will is a non-

hedging modal verb, it was included to compare against the other modal verbs. 

Will was used at a greater rate than any other hedging word. Values are rates per 

10,000 words. 
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Table 15. Common Hedging Words Used by the Fraudulent Group 

Hedging 

Word 

Rate  Hedging  

Word 

Rate 

will 26.2  some 3.3 

approximately 25.0  should 3.0 

may 23.4  although 2.7 

expect* 14.0  most 2.7 

could 14.0  many 2.7 

plan* 12.4  intend* 2.5 

if 11.3  likely 1.7 

estimat* 10.3  calculat* 1.6 

believ* 8.8  possible 1.4 

would 8.4  seek* 1.3 

anticipat* 7.1  relatively 1.3 

project* 7.0  slightly 1.2 

assur* 5.3  show* 1.2 

however 5.1  forecast* 1.0 

generally 5.0  might 1.0 

assum* 4.7  indicated 0.9 

partially 4.4  propos* 0.8 

claim* 4.0  predict 0.8 

potential 3.7  often 0.6 

about 3.4  probable 0.6 

Note. Rate is per 10,000 word tokens (i.e., words, abbreviations, contractions, sentence level 

punctuation). The asterisk indicates a wildcard for variations of the root word.  
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Table 16. Common Hedging Words Used by the Nonfraud Group 

Hedging 

Word 

Rate  Hedging  

Word 

Rate 

will 33.6  although 3.3 

approximately 26.3  partially 3.2 

may 21.1  some 3.1 

plan* 16.2  most 2.7 

estimat* 12.2  seek* 2.3 

expect* 11.9  many 2.3 

if 11.1  propos* 2.1 

believ* 10.1  likely 1.8 

could 9.8  must 1.6 

would 8.5  indicated 1.4 

anticipat* 7.0  show* 1.3 

however 6.0  appear* 1.2 

project* 5.3  possible 1.1 

assur* 5.3  relatively 1.0 

assum* 4.7  calculat* 1.0 

generally 4.7  forecast* 0.8 

about 4.3  slightly 0.8 

claim* 4.0  might 0.7 

potential 3.7  approximate 0.7 

intend* 3.4  predict 0.6 

Note. Rate is per 10,000 word-tokens (i.e., words, abbreviations, contractions, sentence level 

punctuation). The asterisk indicates a wildcard for variations of the root word.  

 

H9 predicts that deceivers use hedging devices in fraudulent 10-Ks more 

frequently than truthtellers. In an independent samples, one-sided t-test, 
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deceivers used more total hedging words in 10-Ks than the nonfraud group did 

(t=4.29; df=200; p<=0.0005; M. diff.=79.4). However, when controlling for the 

document length of the 10-K using a ratio of hedging count to word-token count, 

the statistical significance disappeared (t= -0.13; df=200; p=0.90; M. diff.= -

1.35).  

An in-depth analysis of specific hedging modal verbs was conducted to 

determine if deceivers use hedging modal verbs and non-hedging modal verbs at 

a greater rate in 10-Ks than truthtellers (H10 & H11). Mean differences are 

presented in Table 17. Deceivers used could, may, might, and would at a greater 

rate than the nonfraud group. Could was statistically significant (t=2.29, df=200, 

p=0.02) and was used more often by the fraud group than the nonfraud group. 

May, might, and would were used more frequently by the fraud group, but the 

rate differences were not statistically significant: may (t=0.85, df=199, p=0.4), 

might (t=0.79, df=125, p=0.430), and would (t= -0.14, df=197, p=0.89). Will, 

which is a non-hedging modal verb, was statistically significant (t=-2.36, df=200, 

p=0.02) and was used more frequently by the nonfraud group. Must, another 

non-hedging modal verb, was used more frequently by the nonfraud group, but 

the differences were not statistically significant (t=-0.56, df=200, p=0.58). Ought 

and won’t were not used by either group in the corpus.  
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Table 17. Rate of Hedging and Non-hedging Modal Verbs in 10-Ks 

Modal Verbs Fraud Rate Nonfraud 

Rate 

Mean Diff. 

Hedging Modal Verbs 
   

ought 0.0 0.0 0.0 

could (couldn’t) 14.0 9.8 4.2* 

may 23.4 21.1 2.3 

might 1.0 0.7 0.3 

would (wouldn’t) 8.4 8.5 -0.1 

Non-hedging Modal Verbs 
   

can (cannot, can’t) 7.9 10.2 -1.3 

must (mustn’t) 1.4 1.6 -0.2 

shall 0.2 0.8 -0.6 

should (shouldn’t) † 3.0 3.7 -0.7 

won’t 0.0 0.0 0.0 

will 26.2 33.6 -7.4* 

Note. Rate is per 10,000 word-tokens (i.e., words, abbreviations, contractions, sentence level 

punctuation). † Should can have hedging uses, but SPLICE is unable to distinguish the hedging 

from deontic uses and thus, for this study, should not be treated as a hedging verb.  

* p < .05. Positive mean difference indicate increased usage by the fraud group.  

 

H12 predicts that deceivers use hedging conjunctions, hedging adjectives, 

hedging adverbs, and hedging nouns at greater rates in 10-Ks than the nonfraud 

group. Although differences were observed, none of the hedging ratios produced 

significant differences in independent samples t-tests (see Table 18). 
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Table 18. Rate of Hedging Cues in 10-Ks 

Cue Fraud 

Rate 

Nonfraud 

Rate 

Mean 

Diff. 

T-

value 

df P 

Hedging 
      

Modal Verbs † 46.8 40.0 6.7 1.39 200 0.17 

Lexical Verbs 86.7 93.9 -7.2 -1.16 191 0.25 

All Verbs 133.5 133.9 -0.4 -0.05 198 0.96 

Adjectives 15.6 16.1 -0.6 -0.43 200 0.67 

Adverbs 50.4 50.4 0.1 0.01 182 0.99 

Nouns 0.3 0.2 0.1 1.23 200 0.22 

Conjunctions 14.1 14.6 -0.5 -0.31 198 0.76 

All Hedging Words 213.8 215.2 -1.3 -.13 198 0.90 

Non-hedging 
      

Certainty Modal 

Verbs† 

36.7 46.2 -9.4 -2.28 200 0.02* 

All Modal Verbs 86.5 89.9 -3.4 -0.46 199 0.65 

Note. Rate is per 10,000 word-tokens (i.e., words, abbreviations, contractions, sentence level 

punctuation). Certainty Modal Verbs and All Modal Verbs are not hedging categories but are 

included here for comparison. † Should was not included in Hedging Modal Verbs for reasons 

cited previously but is included in All Modal Verbs. * p < . 05 (two-sided, t-test). 

 

4.3.2 Classification of financial disclosures using hedging variables 

To investigate the predictive ability of the hedging lexicons, a binary 

logistic regression was performed in a nested model design using the raw counts 

of hedging variables and the ratio variables. Using a nested model design requires 
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an inclusive model and a restricted model for comparison. The dependent 

variable in both models is group (fraud or nonfraud). The restricted model 

includes the following variables: token count, hedging modal verbs count, 

hedging adjective count, hedging adverb count, hedging noun count, hedging 

conjunction count, and hedging lexical verb count. The inclusive model adds the 

ratio variables, which were calculated by dividing raw count by word-token count. 

Word-token count includes words, abbreviations, contractions, and punctuation. 

They include hedging modal verb ratio, hedging adjective ratio, hedging adverb 

ratio, hedging noun ratio, hedging conjunction ratio, and hedging lexical verb 

ratio. The ratio variables can be considered interactions between the raw count 

and the word-token count.  

For the restricted model, the log likelihood (-2LL) was 252.8 and R2 is 

16.8%. The inclusive model had a log likelihood of 247.6 and an R2 of 19.8%. The 

smaller the -2LL, the better the model fits. Nagelkerke R square can be 

interpreted somewhat similarly to a multivariate regression’s R, i.e., the amount 

of variance explained by the independent variables, only the values for 

Nagelkerke’s R2  are typically lower and should not be compared directly to the 

familiar regression R2 (Norusis, M., 2003, p. 334).  

The omnibus test of model coefficients resulted in a significant difference 

between the likelihoods of the restricted model and the inclusive model 

(X2=20.8, df=6, p=.002). Therefore, it is concluded that the raw counts and the 

ratios variables are required for a complete model of deception in 10-Ks. The 
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restricted model predicted with 66.8% overall accuracy. The inclusive model had 

a 69.3% accuracy rate. Classification of fraud was 64.4% and of nonfraud was 

74.3%. 

Next, two machine learning algorithms were used for classification of 

fraud and nonfraud on the 10-Ks. A Bayesian network was conducted using the 

same variables as in the logistic regression. The results was 62.4% overall 

accuracy, 55.4% fraud accuracy, and 69.3% nonfraud accuracy. The default 

WEKA settings of simple estimator and K2 search algorithm were used. A 10-fold 

cross-validation was used for each test.  

Using a JRip classification algorithm with the same variables as in the 

logistic regression resulted in 67.8% overall accuracy. Fraud accuracy was 60.4%. 

Nonfraud accuracy was 75.2%. The JRip implements a propositional rule learner 

with repeated incremental pruning to produce error reduction (Cohen, 1995). The 

WEKA default values were used with folds of 3, optimizations of 2, pruning on, 

and minimum total weight of instances at 2.0. A 10-fold cross-validation was 

used.  

The Zhou et al. (2004) model of deception with 27 variables was input into 

the JRip and Bayesian network classifiers. Bayesian network had a classification 

accuracy of 59.4% using a 10-fold cross-validation. Fraud accuracy was 49.5%. 

Nonfraud accuracy was 69.3%. Classifying with JRip resulted in the following: 

overall accuracy was 65.8%; fraud accuracy was 67.3%, and nonfraud accuracy 

was 64.4%. 



116 

4.4 Hedging in Spontaneous Speech 

The Cultural Interviews and Mock Crime experiments allow for the 

investigation of hedging in spontaneous speech. All hedging variables 

investigated are ratios to total number of words in a response. Manipulation 

checks confirmed that participants behaved according to their assigned 

condition. 

A series of independent samples t-tests were conducted on the dataset 

from both experiments. A repeated measures GLM was conducted on the Cultural 

Interviews data to further elucidate deceptive behavior. Repeated measures GLM 

was not performed on the Mock Crime dataset because the sample size is not the 

same for each question. Interviewers sometimes skipped questions or asked them 

out of order. For example, question 11, “Were you ever on the 4th floor,” was 

skipped by most interviewers because the answer to the question was apparent in 

question 10, “Tell me everything you did before arriving here today.” Only 

questions 5 through 24 were pertinent to the linguistic analysis because the other 

Mock Crime questions were for a concealed information test using other 

detection instruments.  

4.4.1 Hedging in Cultural Interviews 

Regarding the Cultural Interviews dataset, two questions showed 

statistically significant results for overall hedging ratio: question 2 (t=2.76, 

df=212, p=.003, M. diff.=3.02) and question 4 (t=1.66, df=216, p=.005, M. 
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diff.=0.62). Questions 2 and 4 were in the direction hypothesized, i.e., deceivers 

used hedging words at a higher rate than truthtellers. A question by question 

analysis can be seen in Table 19. Total sample size is 218. Depending on the 

question, deceptive n was 114 or 104 and truthful n was 104 or 114. Degrees of 

freedom were adjusted when the Levene’s test for equality of variances failed. 

When the behavior was opposite of that hypothesized, a two-sided t-test is 

reported. Rates were multiplied by 100 to represent percentages of the total 

number of words.  

 



118 

Table 19. Hedging Use in Cultural Interviews 

Hedging Non-

hedging 

Modal Question All Adj. Adv. Conj. Verbs Modal 

1‡ 

2 D > T** D > T** D > T 

3 T > D D > T 

4 D > T D > T 

5‡ 

6‡ 

7 T > D 

8 D > T 

9 D > T 

10 T > D 

11‡ 

12 D > T** 

Note. D > T means deceiver’s behavior was greater than truthteller’s and p < .05 (one-sided, t-

test). ** p < .01 (one-sided). T > D means the opposite and p < .05 (two-sided, t-test). ‡ no 

significant differences found. 

 

The following questions saw an increased rate by deceivers: all-hedging for 

question 2 (t=2.76, df=212, p=.003, M. diff.=3.02) and question 4 (t=1.66, 

df=216, p=.005, M. diff.=0.62); hedging adjectives for question 2 (t=1.61, df=171, 

p=.005, M. diff.=3.02) and question 8 (t=2.03, df=144, p=.022, M. diff.=0.30); 

hedging adverbs for question 2 (t=2.29, df=182, p=.012, M. diff.=1.52), question 

4 (t=1.83, df=, p=.04, M. diff.=0.62), and question 12 (t=2.34, df=156, p=.009, 
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M. diff.=0.65); hedging modal verbs for question 3 (t=1.78, df=178, p=.04, M. 

diff.=0.46); and non-hedging modal verbs for question 9 (t=2.27, df=144, p=.013, 

M. diff.=0.40). An increased rate by truthtellers was observed for hedging lexical 

verbs on question 3 (t=-1.95, df=195, p=.053, M. diff.=-1.11), for hedging 

conjunctions on question 7 (t=-2.38, df=147, p=.02, M. diff.=-0.38), and for non-

hedging modal verbs on question 10 (t=-2.44, df=155, p=.015, M. diff.=-0.86). 

Because the Cultural Interviews experiment produced some significant t-

tests consistent with the hypothesis, a follow-up investigation was conducted 

using repeated measures GLM. The repeated measures GLM is a more powerful 

statistical test than the t-test. It allows for the observation of patterns over time. 

For the sake of parsimony and ease of interpretation, responses were grouped 

into four blocks of three questions each. The four successive blocks represent 

alternating patterns of truthful and deceptive responses across the 12 questions. 

Participants in the truth-first veracity order followed the TTTDDDTTTDDD 

pattern; those in the deception-first order followed a DDDTTTDDDTTT pattern. 

The overall hedging ratio was investigated.  

A Huynh-Feldt correction was used on the degrees of freedom due to a 

violation of the assumption of sphericity. The GLM did not produce a significant 

question block by veracity order interaction on the all-hedging ratio variable, 

F(2.9,617)=1.26,  p=.288, and partial η2 = .006. Question by veracity order 

approached significance, F(1.8,396)=2.82,  p=.065, and partial η2 = .013. 
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Figure 4. Rate of hedging in Cultural Interviews. Deceptive-truthful condition 

alternates per question block.  

Participants in the deception-first order were in the deceptive condition 

for blocks 1 and 3. They were in the truthful condition in blocks 2 and 4 (see 

Figure 4). In block 1, deceivers had a higher estimated mean rate for all hedging 

words, as predicted by the hypothesis. In block 2 and 4, the deceptive-first 
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participants were in the truthful condition and had lower mean scores than 

deceivers, as predicted. For block 3, the deceptive participants displayed equal or 

slightly lower rates of hedging than truthtellers. These directional changes in the 

mean rates are in support of the hypotheses that deceivers generally display a 

greater rate of hedging than truthtellers; however, the interactions were not 

statistically significant to confirm this observation.  

 It should be noted that the rate of hedging differs by question block for 

both truthtellers and deceivers. The first block has a higher rate than the second 

block. The second block has a lower estimated mean rate than all other blocks. 

This indicates that the type of question affects the use of hedging for both 

deceivers and truthtellers. A significant question by veracity order interaction 

supports this, F(1.83, 396)=189.4,  p<.0005, partial η2=.47. This fact should be 

considered when interviewers design a set of interview questions and when using 

responses to assess credibility.  

4.4.2 Hedging in Mock Crime 

Regarding the Mock Crime dataset, t-tests on the individual hedging 

categories produced 6 cases of significance, 5 of which were in the direction of 

greater rates for deceivers than truthtellers. See Table 20. Total sample size is 

132. Generally, the deceptive n was 49 and truthful n was 83, but this varied 

slightly per question. Degrees of freedom were adjusted when the Levene’s test 

for equality of variances failed. Rates were multiplied by 100 to represent 

percentages of total word count.  
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Table 20. Hedging Use in Mock Crime 

Hedging Non-

hedging 

Modal Question All Adj. Adv. Conj. Verbs Modal 

5-8‡ 

9 D > T D > T 

10-14‡ 

15 T > D 

16 & 17‡ 

18 D > T 

19 & 20‡ 

21 D > T 

22 & 23‡ 

24 D > T 

Note. D > T means deceiver’s behavior was greater than truthteller’s and p < .05 (one-sided, t-

test). T > D means the opposite and p < .05 (two-sided, t-test). N=132. ‡ no significant differences 

found. 

 

The following questions showed increased rates for deceivers: all-hedging 

(t=2.29, df=83, p=.013, M. diff.=1.26) and hedging adverbs (t=1.98, df=77, 

p=.039, M. diff.=0.70) for question 9; hedging lexical verbs (t=1.68, df=47, 

p=.50, M. diff.=0.63)  for question 18; hedging modal verbs (t=2.16, df=60, 

p=.018, M. diff.=1.90) for question 21; and hedging conjunctions (t=-2.31, 

df=105, p=.012, M. diff.=-0.55) for question 24. In two-sided tests, hedging 

adverbs were greater for truthtellers than deceivers (t=-3.00, df=112, p=.003, M. 
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diff.=-0.22) for question 15. Hedging adjectives, hedging conjunctions, and non-

hedging modal verbs were never significant.  

4.5 Interjections in Spontaneous Speech 

Interjections include the phrases oh, okay or ok, well, yeah, like, you 

know, I mean, etc. A module for SPLICE was created that tallied these 

interjections. A variable called “other interjections” was created for utterances of 

ew, ha, huh, hm, hmm, huh, jeez, mhm, uh-huh, uh-oh, whoa, whew, phew, mm, 

mmm, wow, alright, gosh, ah-hum, mm-hm, and mm-hmm. A composite of all 

interjections was created. Each interjection variable was a ratio (count divided by 

total number of words). Rates were multiplied by 100 to represent percentages of 

all words in a response. SPLICE was run on both the Cultural Interviews and 

Mock Crime dataset. Interjections were investigated with a two-sided, 

independent samples t-test as the direction of the behavior was uncertain. Cue 

ratios were multiplied by 100 to represent percentages of total word count. 

Degrees of freedom were adjusted where the Levene’s test for equality of 

variances failed. For Cultural Interviews, the t-tests were followed by two 

repeated measures GLMs. Mock Crime is not suitable for a repeated measures 

GLM. 

4.5.1 Interjections in Cultural Interviews 

 In the Cultural Interviews dataset, 12 significant cases were observed. Of 

the 12 cases, all but two were in the direction of deceivers using a greater rate of 
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interjections than truthtellers. The overall interjections variable was significant 

for question 6 (t=2.91; df=190; p=.004; M. diff. =0.87) and question 7 (t=3.51; 

df=188; p=.001; M. diff.=2.56). The word like was significant in three questions: 

question 7 (t=2.21; df=187; p=.028; M. diff.=1.12 ), question 9 (t=2.52; df=157; 

p=.014; M. diff.=1.06),  and question 11 (t=-2.35; df=187; p=.02; M. diff.=-0.42 ). 

Table 21 summarizes the findings. 

Table 21. Interjection Use in Cultural Interviews 

Question All I mean Like Oh OK Well Yeah You 

know 

Others 

1‡ 

2‡ 

3 T > D D > T  

4‡ 

5‡ 

6 D > T D > T D > T  

7 D > T D > T D > T  

8‡ 

9 D > T 

10‡ 

11 T > D D > T  

12 D > T  

Note. T = truthtellers. D = deceivers. The All variable is a sum of the other interjection variables. 

Each variable is a ratio to total number of words. Behaviors are significant at p < .05 (two-sided, 

t-test). N=218. ‡ no significant differences found. 

 

 The sample size for Cultural Interviews was 218. Depending on the 

question, deceptive n was 114 or 104 and truthful n was 104 or 114. An increased 
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rate of interjections by deceivers was observed for the following: Ok or okay for 

question 3 (t=2.00, df=120, p=.047, M. diff=0.20) and question 12 (t=1.95, 

df=155, p=.052, M. diff=0.15); well on question 6 (t=2.12, df=153, p=.028, M. 

diff=0.34); and other interjections for question 6 (t=2.01, df=141, p=.038, M. 

diff=0.24), question 7 (t=2.19, df=124, p=.030, M. diff=0.85), and question 11 

(t=2.09, df=113, p=.040, M. diff=0.86). I mean had a higher rate for truthtellers 

on question 3 (t=-2.27, df=141, p=.025, M. diff=-0.28). Oh and you know where 

never significant.  

A repeated measures GLM was conducted on two variables: the all-

interjections variable and the word like. Participants in the deception-first order 

were in the deceptive condition for question blocks 1 and 3 and in the truthful 

condition for blocks 2 and 4. For each question block, deceivers had a higher 

estimated mean rate than truthtellers for all-interjections (see Figure 5). As 

participants switched treatment condition, their behaviors also switched. Those 

in the deceptive condition consistently had higher mean rates of interjections 

than when in the truthtelling condition. These results give evidence that deceivers 

use interjections at a greater rate than truthtellers. This was confirmed by a 

significant block by veracity order interaction, F(3.0,647)=6.67,  p<.0005, and 

partial η2 =.03. A Huynh-Feldt correction was used on the degrees of freedom 

due to a violation of the assumption of sphericity. 
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Figure 5. Rate of all interjections variable in Cultural Interviews. Deceivers had 

higher interjection rates than truthtellers for each question block.  

 

The word like had several statistically significant t-test findings. The 

repeated measures GLM shows a corroborating story of deceivers using like more 

often than truthtellers. The largest mean difference between the two groups was 

in block 3 (see Figure 6). A Huynh-Feldt correction was used on the degrees of 
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freedom due to a violation of the assumption of sphericity. The GLM produced a 

significant question block by veracity order interaction on the like variable, 

F(2.7,581)=4.95,  p=.003, and partial η2 = .022.  

 

Figure 6. Usage rate of like in Cultural Interviews. Deceivers had higher or equal 

rates than truthtellers.  
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4.5.2 Interjections in Mock Crime 

The process of t-tests per question was repeated for the Mock Crime 

dataset. Interjections were investigated with a two-sided, independent samples t-

test as the direction of the behavior is uncertain. For questions 5-18, 20-21, and 

23-24 there were no significant findings for any interjection. Sample size for 

Mock Crime was 132. Generally, deceptive n was 48 and truthful n was 84, but 

they varied slightly per question. Cue ratios were multiplied by 100 to represent 

percentages of total word count. Degrees of freedom were adjusted where the 

Levene’s test for equality of variances failed. The following saw an increased rate 

for truthtellers: all-interjections on question 22 (t=-2.15; df=78; p=.035; M. 

diff.=-4.50 ) and like on question 19 (t=-1.96; df=83; p=.053; M. diff.=-.020). See 

Table 22 for summary. 

Table 22. Interjection Use in Mock Crime 

Question All I 
mean 

Like Oh Ok Well Yeah You 
know 

Others 

5-18‡ 

19 T  > D  

20‡ 

21‡ 

22 T  > D  

23‡ 

24‡ 

Note. T = truthtellers. D = deceivers. ‡ Questions 5-18, 20-21, 23-24 did not produce significant 

findings. Behaviors are significant at p < .05 (two-sided, t-test). N=132.  
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4.6 Disfluency Use in Spontaneous Speech 

As with the other constructs, disfluencies were investigated first with 

independent samples t-tests on the Cultural Interviews and Mock Crime datasets. 

Once the interesting variables were identified, repeated measures GLMs were 

conducted to investigate the patterns over time. Disfluency variables included a 

composite variable of er, eh, ah, and ttt (ErEhAhTtt), a variable for uh (Uh), one 

for um (Um), a composite variable of uh and um (UmUh), a variable for repeated 

phrases (Repeated Phrases), and a composite variable of all disfluencies (All-

Disfluencies). UmUh was not included in the overall disfluencies variable since 

um and uh are individually included. All variables were ratios with total number 

of words. Ratio values were multiplied by 100 to represent percentages of all 

words in a response and to eliminate leading zeros from cluttering the report. 

4.6.1 Disfluencies in Cultural Interviews 

Independent samples t-tests and repeated measures GLMs were conducted 

to elucidate the behavior of deceivers and truthtellers with regard to disfluencies 

(H4). Table 23 summarizes the significant variables and their behavioral 

direction in Cultural Interviews. The sample size for Cultural Interviews is 218. 

Depending on the question, deceptive n was 114 or 104 and truthful n was 104 or 

114. Because the hypotheses are directional, one-sided t-tests were used. Where 

the direction was counter to that hypothesized, a two-sided t-test is reported. 
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Degrees of freedom were adjusted where the Levene’s test for equality of 

variances failed. 

Table 23. Disfluency Use in Cultural Interviews 

Question All ErEhAhTtt Repeat 

Phrases 

Uh Um UmUh 

1‡ 

2 D > T ** D > T ** D > T 

3-5‡ 

6 D > T ** 

7‡ 

8 D > T ** D > T ** D > T 

9 D > T    D > T ** D > T 

10 T > D † D > T 

11‡ 

12 D > T 

Note. T = truthtellers. D = deceivers. The All variable is a sum of the other disfluency variables. 

Each variable is a ratio to total number of words. Behaviors are significant at p < .05 (one-sided, 

t-test) except where noted: ** p < .01 (one-sided), † p <.05 (two-sided). N=218. No significant 

differences found. 

 

Behavior varied by question. Questions 1, 3, 4, 5 and 11 resulted in no 

statistically significant differences in behaviors. There were 13 cases of 

significance in the other questions. Of the 13 cases, all cases but one were in the 

direction of deceivers displaying greater rates of disfluencies than truthtellers. 

Overall disfluency was significant in three questions: question 2 (t=2.96, df=200, 
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p=.002, M. diff.=2.38), question 8 (t=3.18, df=195, p=.001, M. diff.=2.50), and 

question 9 (t=2.11, df=208, p=.018, M. diff.=1.38). Um was used more often by 

deceivers than by truthtellers in question 2 (t=3.32, df=184, p=.0005, M. 

diff.=2.23), question 8 (t=2.39, df=196, p=.009, M. diff.=1.27), and question 9 

(t=3.68, df=1.71, p=.0005, M. diff.=1.54). Uh was used more often by deceivers 

for question 10 (t=2.24, df=214, p=.013, M. diff.=0.86) and question 12 (t=1.84, 

df=182, p=.034, M. diff.=0.65). Truthtellers used ErEhAhTtt more often than 

deceivers for question 10 (t=-2.14, df=152, p=.034, M. diff=-0.60). In general, 

deceivers used some type of disfluency at a greater rate than truthtellers.  

Because Cultural Interviews resulted in several significant findings, a 

repeated measures GLM was conducted on two variables: the all-disfluencies 

variable and the UmUh variable. A Huynh-Feldt correction was used on the 

degrees of freedom due to a violation of the assumption of sphericity. The GLM 

produced a significant question block by veracity order interaction on the all-

disfluencies variable, F(2.9,632)=4.25,  p=.006, and partial η2 =.019. 

Participants in the deceptive condition had a higher estimated mean rate 

than those in the truthful condition for all-disfluencies in the first and third block 

of questions (see Figure 7). When the deceptive-first participants answered the 

second and fourth block of questions they switched to the truthful condition. 

Their behavior also appeared to switch as predicted for block 2. For block 2, 

deceivers had a slightly higher mean rate than truthtellers. For block 4, the 

deceptive-first participants reduced their mean rate from that of block 3, as might 
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be expected when switching to the truthful condition, but the truth-first 

participants did not raise their mean rate as expected, even though they were in 

the deceptive condition for block 4. In general, these results give evidence that 

deceivers may use disfluencies at a greater rate than truthtellers.  

 

Figure 7. Rate of all disfluencies in Cultural Interviews. Deceivers had higher 

disfluency rates than truthtellers for 3 of 4 question blocks. 
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Figure 8. Rate of um and uh in Cultural Interviews. Deceivers exhibited a higher 

rate of um and uh than truthtellers. 

A repeated measures GLM was conducted on the UmUh variable. A 

Huynh-Feldt correction was used on the degrees of freedom due to a violation of 

the assumption of sphericity. The GLM produced a significant question block by 

veracity order interaction on the UmUh variable, F(2.8,609)=3.81,  p=.012, and 
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partial η2 =.017. The estimated mean rates of um and uh follow almost exactly the 

same pattern found with all-disfluencies (see Figure 8). Deceivers appeared to 

have a higher rate of UmUh than truthtellers.  

Mean rate values were a percentage point lower for um and uh than for all-

disfluencies. This is to be expected since all-disfluencies includes er, eh, ah, ttt, 

and repeated phrases. Given this fact, um and uh appear to constitute the 

majority of the behavior in the all-disfluencies variable. 

4.6.2 Disfluencies in Mock Crime 

Independent samples t-tests were conducted for disfluency variables in the 

Mock Crime dataset. The hypotheses are directional; therefore, a one-sided, t-

tests was used. Where the behavior was opposite that hypothesized, two-sided t-

tests are reported. Only for question 7 did the one-sided, t-test produce 

significance in the direction hypothesized. Significant variables for question 7 

were the following: all-disfluencies (t=1.79, df=77, p=.039, M. diff.=3.97), um 

(t=1.73, df=73, p=.044, M. diff.=2.88), and UmUh(t=1.96, df=75, p=.027, M. 

diff.=4.31). Table 24 summarizes the behaviors.  
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Table 24. Disfluency Use in Mock Crime 

Question All ErEhAhTtt Repeat 

Phrases 

Uh Um UmUh 

5 & 6‡ 

7 D > T D > T D > T 

8‡ 

9 T > D T > D T > D 

10-16‡ 

17 T > D T > D 

18‡ 

19 T > D T > D 

20‡ 

21 T > D T > D T > D 

22-24‡ 

Note. D > T means deceiver’s behavior was greater than truthteller’s and p < .05 (one-sided, t-

test). T > D means the opposite and p < .05 (two-sided, tests). N=132. ‡ no significant differences 

found. 

 

 Truthful participants used disfluency cues at a higher rate than deceivers 

for the following questions: all-disfluencies in questions 9 (t=-2.31, df=121, 

p=.023, M. diff.=), question 19 (t=-2.25, df=127, p=.023, M. diff.=-2.09), and 

question 21 (t=-1.99, df=115, p=.026, M. diff.=-3.50); repeated phrases for 

question 19 (t=-2.00, df=99, p=.048, M. diff.=-0.57); uh for question 9 (t=-2.50, 

df=104, p=.014, M. diff.=-0.95); um for question 21 (t=-2.37, df=108, p=.02, M. 

diff.=-1.38); and UmUh for question 9 (t=-2.35, df=126, p=.020, M. diff.=-1.67), 
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question 17 (t=-2.19, df=75, p=.032, M. diff.=-2.09), and question 21 (t=-2.78, 

df=96, p=.007, M. diff.=-2.92).  

4.6.3 Disfluencies and reverse order questions 

Hypotheses compared chronological order questions to reverse 

chronological order questions with regard to disfluencies (H5) and to deception 

(H6). The Mock Crime dataset included two questions that asked the participant 

to “describe everything you did and saw from the moment you left the Esquire 

Building until you arrived here.” Question 10 required the participant to answer 

in chronological order. Question 15 required them to answer in reverse 

chronological order. T-tests compare the behavior of deceivers to truthtellers for 

these two questions. Levene’s test for equal variances failed on all but UmUh and 

hedging. The degrees of freedom were adjusted accordingly. Each disfluency 

measure reported significant, except for ErEhAhTtt. Hedging and interjections 

reported significant as well (see Table 25). Question 10 saw a greater rate of 

disfluencies and hedging than question 15, opposite that predicted. Question 15 

resulted in more interjections than question 10.  
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Table 25. Effect of Reverse Order Question on Disfluencies, Hedging, and 
Interjections 

Variables T value df Mean Diff. 

Disfluencies, all 3.08*** 254 1.8 

ErEhAhTtt 1.87 151 0.2 

Repeat Phrases 2.00* 214 0.4 

UmUh 2.48* 262 1.2 

    

Hedging, all 2.42* 262 0.7 

Interjections, all -3.67*** 191 -9.1 

Note. Positive mean differences indicate question 10 had higher means than question 15.  

N=132 for each question. * p < 0.5 (two-sided, t-test). *** p < .005 (two-sided, t-tests). 

With a repeated measures GLM, a main effect for question was observed 

for all-disfluencies ratio, F(1,130)=11.1,  p=.001, and partial η2 =.079. However, 

the interaction of question and deception condition was not found to be 

significant, F(1,130)=0.54,  p=.47, and partial η2 =.004. As show in Figure 9, 

question 10 had a higher mean rate of disfluencies than question 15, which was 

opposite the direction hypothesized.  
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Figure 9. Effect of reverse order question on disfluency. Data is from question 10 

(question order 1) and question 15 (question order 2) in the Mock Crime 

experiment. Question 15 required participants to answer the same question as 

#10 but in reverse chronological order. Differences were significant for question 

but not for the interaction with deceptive condition.  
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4.6.4 Complexity’s relationship to disfluencies and deception 

H7 tests the idea that complex responses are positively correlated with 

disfluencies, particularly with repeated phrases. Complexity was modeled after 

the Zhou et al. (2004) construct as output from A99A. It was the average of 

average word length, average sentence length, pausality, and average syllables 

per word. Pearson correlations are reported in Table 26. Complexity and 

disfluencies were only weakly correlated on some questions. The direction of the 

correlation varied by question. Complexity was weakly correlated with repeated 

phrases, although the direction was positive for all significant correlations.  

A repeated measures GLM tested the relationship between complexity and 

deceptive condition (H8). The GLM was setup as before with blocks and 

questions. A near-significant interaction between question block and veracity 

order was observed for complexity, F(2.7,579)=2.57, p=.06, and partial η2 =.012. 

Although, the direction of the behavior was opposite the prediction (see Figure 

10). Deceivers appeared to have less complex responses than truthtellers.  
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Table 26. Correlation of Complexity with Disfluency and Repeated Phrases 

Question Complexity-Disfluency Complexity-Repeated Phrases 

Cultural Interviews N=218 

1 -.15* .00 

2 -.12* .15* 

3 -.11 .09 

4 .00 .07 

5 .12* .15* 

6 -.06 .05 

7 -.10 .01 

8 .04 .15* 

9 .00 .22** 

10 -.01 .07 

11 .12* .08 

12 -.11 .01 

Mock Crime N=132 

9 .03 .08 

10 -.19* -.11 

15 .03 .02 

Note. *p < .05 (two-sided, t-tests), **p < .01 (two-sided, t-tests). 
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Figure 10. Relationship between complexity and deception. In Cultural 

Interviews, the estimated mean complexity was lower for deceivers than for 

truthtellers and the interaction approached significance (F(2.7,579)=2.57, 

p=.06). 

 



142 

4.6.5 Classification using disfluencies, hedging, and interjections 

Investigating the behavior of truthtellers and deceivers identified 

differences in the use of disfluencies, hedging, and interjections. A follow-up 

research question was whether disfluencies, hedging, and interjections increase 

the classification accuracy of former models of deception. A nested model design 

with logistic regression was undertaken to investigate the effect of adding 

disfluency, hedging, and interjection. The restricted model includes those 

variables output by A99A. The inclusive model adds five variables: all-

disfluencies, UmUh, all-interjections, like, and all-hedging. UmUh and like were 

included as a separate variables from disfluencies and interjections because they 

appear to vary independently of the others in the behavioral tests previously 

reported.   

In a nested model design, if the Chi-square test on the omnibus model 

coefficients reports significant at .05, then the inclusive model reduces the 

negative log likelihood (-2LL), explains more variance, and predicts with 

increased accuracy over the restricted model. The inclusive model was 

statistically significant for Cultural Interview question 2 (X2=14.5, df=5, R2 

increase=.08), question 7 (X2=15.8, df=5, R2 increase=.08), question 8 (X2=12.4, 

df=5, R2 increase=.07), question 10 (X2=16.3, df=5, R2 increase=.08), and for the 

Mock Crime question 9 (X2=18.6, df=5, R2 increase=.16). Of Mock Crime, only 

questions 9, 10, and 15 were investigated as they contained sufficient word 
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quantities to report values for the A99A variables. Table 27 shows the accuracy 

percentages and Nagelkerke R2 of the models. 

 Table 27. Results of Adding Disfluencies, Hedging, and Interjections  

Overall Accuracy % 
 

 

Question Restricted 
Model (A99A) 

Inclusive Model  
(A99A + disfluencies, UmUh,  
interjections, like, & hedging) 

Inclusive 
Model’s 

R2 

Cultural Interviews N =218  

1 59.6 62.8 .13 

2 72.5 72.9* .28 

3 65.4 65.0 .20 

4 61.9 66.1 .17 

5 56.9 58.3 .07 

6 62.8 67.4 .23 

7 63.8 67.0* .23 

8 60.8 66.8* .18 

9 68.3 69.7 .27 

10 65.0 65.9* .28 

11 58.3 62.8 .15 

12 64.1 63.6 .13 

Mock Crime N = 132 
 

9 65.4 71.4* .27 

10 65.9 67.4 .18 

15 76.4 74.0 .43 

Note. Test employed a nested model design using logistic regression.  

* p < .05, ** p < .01, meaning the inclusive model’s -2LL reduces significantly compared to the 

restricted model.  
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4.7 Classification Results by Professional Interviewers 

The professional interviewers for Cultural Interviews averaged 62% overall 

accuracy. This value can serve as a standard against which the various automated 

models can be compared. It should be recognized that the average accuracy rate 

hides the fact that accuracy varied substantially by question and by interviewer. 

Table 28 shows the interviewers’ accuracies for Cultural Interviews. Interviewers 

made 12 assessments per interview, one assessment for each question asked. 

Table 28. Interviewer Accuracies in Cultural Interviews 

Interviewers Mean 

Overall 

Accuracy 

Overall 

Accuracy 

Range 

Truth 

Accuracy 

Range 

Deception 

Accuracy 

Range 

Interviewer A (n=109) 62% 54% - 86% 42% - 98% 35% - 79% 

Interviewer B (n=41) 62% 32% - 73% 09% - 96% 20% - 79% 

Interviewer C (n=69) 61% 46% - 67% 53% - 97% 06% - 67% 

Note. Range identifies the minimum and maximum accuracies for each interviewer for all his/her 

assessments. 

In the Mock Crime experiment, the professional interviewers made a 

single judgment of guilty or innocent per participant interviewed. For this report, 

guilty is reported as deceptive and innocent as truthful.  

For the Mock Crime experiment, the accuracies among the four 

professional interviewers were 58%, 67%, 69%, and 92%. The mode was 68%. 

The average was 72%. The 92% interviewer far exceeded what had been seen in 
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past experiments. Excluding the 92% interviewer, the average of the other three 

interviewers was 64.7%. Deception accuracy (accuracy at detecting the deceivers) 

averaged 70% across the four interviewers. Accuracy in detecting the truthtellers 

(truth accuracy) was 74%. Interviewer accuracies exceeded what has been 

reported in multiple meta-analyses on deception detection, which report an 

average accuracy rate of 54% (47% for deception and 57% for truth) for both 

novice and professional judges. The observations are summarized in Table 29. 

Table 29. Interviewer Accuracies in Mock Crime 

Interviewers Mean Overall 

Accuracy 

Truth 

Accuracy 

Deception 

Accuracy 

Interviewer A (n=50) 92% 81% 95% 

Interviewer B (n=29) 69% 79% 60% 

Interviewer C (n=26) 67% 59% 67% 

Interviewer D (n=29) 58% 36 % 72% 

 

4.7.1 Classification by logistic regression with feature reduction 

With the development of SPLICE, several new variables were available for 

testing (see Appendix F). One research question is how does combining SPLICE 

variables with those of A99A affect classification accuracies. First, a logistic 

regression using A99A variables was conducted for each question in Cultural 

Interviews and for questions 9, 10, and 15 of Mock Crime. Those Mock Crime 

questions afford long enough responses for low-frequency cues to participate. 
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The per-question modeling was justified since the repeated measures GLMs 

reported a main effect for question on several cues. The classification accuracies 

for A99A ranged from 57% to 76% and the mode was 65% (see Table 30). Because 

A99A has been used in many prior studies (see Appendix A), these results 

provided a good baseline for comparing to other models.  

In the second test, all the variables from SPLICE were input into a logistic 

regression along with the A99A variables. A backward Wald stepwise procedure 

was conducted to reduce the feature set. See Appendix G for a list of selected 

variables in each model. For question 15, a backward Wald stepwise did not 

converge and a forward Wald stepwise was substituted. Classification accuracy 

showed improvement and ranged from 69% to 87% with the mode of 74% (see 

Table 30). The accuracy improved over the accuracy of just the A99A variables. 

The combined A99A and SPLICE models demonstrated a balance between truth 

accuracy and deception accuracy. Single-fold validation was used as the research 

question was specifically to compare A99A to A99A with SPLICE and to elucidate 

the maximum potential of the models’ accuracy. In addition, the variance 

explained ranged from 20% to 30%, demonstrating an absence of overfitting and 

plenty of room for future improvement. Overall, the combination of A99A with 

SPLICE improved classification accuracies.  
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Table 30. Classification by Logistic Regression with Feature Reduction 

  A99A + SPLICE 

Question A99A 

Only 

Overall  

Accuracy 

Feature 

Reduction 

Steps 

Truth 

Accuracy 

Deception 

accuracy 

CI1 60% 73% 15 70% 75% 

CI2 73% 78% 8 77% 80% 

CI3 65% 77% 21 76% 78% 

CI4 62% 70% 20 76% 64% 

CI5 57% 69% 26 72% 66% 

CI6 63% 71% 16 74% 68% 

CI7 64% 74% 29 73% 75% 

CI8 61% 72% 24 70% 75% 

CI9 68% 78% 20 77% 79% 

CI10 65% 76% 18 73% 79% 

CI11 58% 69% 14 72% 65% 

CI12 64% 76% 26 78% 72% 

MC9 65% 87% 9 92% 78% 

MC10 66% 85% 14 90% 76% 

MC15 79% 74% 5 90% 42% 

Mode 65% 74% NA 75% 77% 

Note. CI = Cultural Interviews. MC = Mock Crime. Question 15 used forward Wald stepwise, all 

others used backward Wald stepwise. See Appendix G for list of features selected.  

 
Finally, a 10-fold cross-validation was applied to the logistic regression of 

A99A with SPLICE. The same features selected for the models in phase two were 

used. The overall accuracy decreased, but the mode accuracy remained 
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acceptable at 62%. This accuracy is better than chance and better than the 

average human (54% overall accuracy), but not necessarily better than the 

professional interviewers involved in the studies. It is argued that cross-

validation is not required to demonstrate the usefulness of adding SPLICE 

variables and of using feature reduction because the single-fold accuracies are in 

70% range and the amount of variance left to explain still remains substantial. 

Overfitting is a problem if the model fits to noise rather than to the predictors. 

Had overfitting been present, the accuracy results would have been much higher 

and the amount of variance explained would have been several times greater 

because noise would have been added to the variance explained rather than to the 

unexplained.  

For question 15, a backward Wald stepwise did not converge and a forward 

Wald stepwise was substituted. For questions 4 and 10 of Cultural Interviews and 

questions 9 and 10 of Mock Crime, the cross-validated results were reduced to 

chance levels; therefore, a forward Wald stepwise was substituted for these 

questions. A forward Wald stepwise did not result in classification improvements 

for any other questions except those noted. For question 5, neither of the 

stepwise methods resulted in adequate classification (i.e., less than 49%). 

Instead, a 10-fold cross-validated AdaBoost with decision stump is reported. The 

AdaBoost technique only produced classification accuracies higher than logistic 

regression for question 5. See Table 31 for a summary of findings.  
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Table 31. Cross-validated Results of A99A with SPLICE using Logistic Regression 
and Feature Reduction 

Question Overall Accuracy 

CI1 55% 

CI2 61% 

CI3 63% 

CI4† 60% 

CI5†† 54% 

CI6 61% 

CI7 62% 

CI8 58% 

CI9 62% 

CI10† 62% 

CI11 52% 

CI12 62% 

MC9† 67% 

MC10† 61% 

MC15† 73% 

Mode 62% 

Note. CI is Cultural Interviews. MC is Mock Crime. Ten-fold cross-validation was used with 

logistic regression and with backward Wald stepwise except where noted. † Forward Wald 

stepwise used. †† AdaBoost with decision stump used.  

 
The next phase of the investigation was to use machine learning 

algorithms with automated feature reduction to reduce the model size and to 

attempt to increase accuracies. 
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4.7.2 Classification by machine learning algorithms and automated feature selection 

Several machine learning algorithms, many with built-in automated 

feature selection for reducing variables, were conducted on the Cultural 

Interviews and Mock Crime data. WEKA was employed as the classification 

software. A 10-fold cross-validation was applied to the tests.  

Using WEKA, a LogitBoost with simple logistic regression algorithm (SLR) 

was used. SLR obtains automated feature selection using LogitBoost iterations. 

SLR performed the best on question 2 of Cultural Interviews with overall 

accuracy of 60.5%. Because this is less than the classification results reported 

elsewhere in this dissertation, the details are not reported other than to say that 

an automated method of feature selection was attempted.  

Other classification algorithms were also attempted: decision tree (J48), 

naïve bayes, random forest (several decision trees working in concert), support 

vector machine, and AdaBoost of J48. The AdaBoost of J48 decision tree 

performed the best of these trials. Adaptive Boosting creates multiple models and 

each model votes for classification. The models are created iteratively such that 

each model becomes an expert at a subset of the data. Boosting performs well for 

data that has a lot of variance. On question 2 in Cultural Interviews, AdaBoost of 

J48 resulted in 63.8% overall accuracy compared to 59.2% accuracy for J48 

without boosting. Deception accuracy for AdaBoost of J48 was 62.3% and truth 

accuracy was 65.4%. This shows a favorable balance between accuracies and no 
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lie or truth bias. The remaining questions did not reach 60% accuracy. Therefore, 

they are not reported.  

An attribute selection classifier was used (CfsSubsetEval-J48), which 

involves a two step process. The first step performed an automated feature 

reduction using a correlation-based feature subset selection followed by a second 

step of classification using J48 decision tree (Hall, 1998). The feature reduction 

step evaluates subsets of attributes by considering the individual predictive 

ability for each feature. Subsets of features that are highly correlated with the 

condition (deceptive/truthful) while having a low intercorrelation are preferred. 

For question 2 of Cultural Interviews, the CfsSubsetEval-J48 resulted in an 

overall accuracy of 63.8%, deception accuracy of 57.0%, and truth accuracy of 

71.2%. A 10-fold cross-validation was employed. The features selected were 

average sentence length, hedging conjunctions, pleasantness, self references, and 

negativity. The other questions produced accuracies lower than 60% and are not 

reported in light of better performing algorithms.  

4.8 Limitations with the Mock Crime Experiment 

 The Mock Crime experiment has some limitations that may impact the 

findings or that are worth considering when interpreting the findings. There are 

two considerations. First, several of the questions in Mock Crime were answered 

with short responses, sometimes only a word or two. For example, question 5, 6, 

7, 11, 12, 13, 14, 16, 20, 22, and 23 are yes/no type questions. Subjects often only 

answered with a few words. Short responses can compromise a linguistic 
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credibility assessment by not providing enough words to identify differences 

between deceivers and truthtellers. The problem is compounded for low-

frequency cues. For that reason, only question 9, 10, and 15 of Mock Crime were 

used in some investigations. Where all the Mock Crime questions were used (e.g., 

disfluencies and interjections), the effects of short responses may explain why 

there was little behavioral differences in the cues.  

Second, the Cultural Interviews experiment manipulated the 

deceptive/truthful condition more soundly than Mock Crime. The Cultural 

Interviews experiment manipulated the deceptive/truthful condition every three 

questions. All participants were in both the truthful and deceptive condition at 

some time during the interview. Manipulation checks confirmed their compliance 

with instructions. With the Mock Crime experiment, the treatment was guilty or 

innocent, not necessarily deceptive or truthful. It was assumed that the guilty 

would be deceptive to avoid detection. However, it was possible that Mock Crime 

participants could have answered some questions truthfully even when in the 

guilty condition. For example, question 6 was, “Have you ever lied to a person in 

a position of authority?” Both the guilty and innocent participants could answer 

question 6 truthfully. If both answered truthfully, there would not be any 

observable behavioral differences. 

Even on questions regarding the crime, the guilty may have been able to 

strategically answer truthfully. For example, question 10 asks, “Now I’d like you 

to describe everything you did and saw from the moment you left the Esquire 
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Building until you arrived here.” Deceivers seemed to answer this question with a 

list of actions that were truthful, such as crossing the street, entering the 

building, rising in the elevator, walking down the hall, knocking on room 409, 

talking to the secretary, and coming down to the interview room. The guilty 

simply omitted taking the ring. Their responses were filled with truthful remarks. 

Their linguistic behavior might be indistinguishable from the behavior of the 

innocent. This action appears to be strategic in nature and interviewers should be 

aware of it.  

While these facts have implications for interviewers and for future research 

that will be discussed later, the immediate consequences for the hypotheses are 

that the Mock Crime experiment may not have produced distinguishable 

behavior sufficient to answer the hypotheses presented in this dissertation. Most 

of the cues show no difference in behavior for Mock Crime. A few cues on a few 

questions contradict those of Cultural Interviews (e.g., all-disfluencies, um, 

UmUh, and repeated phrases. See Table 23 and Table 24; hedging adverbs, 

conjunctions and lexical verbs. See Table 19 and Table 21). Because the Cultural 

Interviews experiment strongly manipulates the deceptive/truthful condition 

every three questions, more credence should be given to the Cultural Interviews’ 

findings—particularly to those of the repeated measures GLM, which is a more 

powerful statistical test than the t-test. Mock Crime data is being used for 

physiologic, kinesic, and vocalic investigations. 
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CHAPTER 5. DISCUSSION 

The purpose of this dissertation is to identify behaviors associated with 

deceptive communication in written financial documents and in spontaneous 

speech. Specifically, new constructs of hedging, disfluencies, and interjections are 

proposed and tested. Two theories regarding disfluency use and deception are 

contrasted. Other potentially useful constructs from an extensive literature 

review are tested.  

The second purpose is to use the knowledge gained from the behavioral 

investigation to improve classification models that can distinguish deceptive from 

truthful communication. Five modules for the credibility-assessing software 

SPLICE were developed to effect the investigation.  

Three datasets were collected for the investigations. A corpus of 202 real-

world fraudulent and nonfraudulent financial disclosures was collected. An 

experiment was conducted where 218 participants responded to 12 interview 

questions in alternating blocks of truthfulness and deception (Cultural 

Interviews). Another experiment was conducted in which guilty participants 

simulated a theft of a ring and where all participants were interviewed with 24 

questions to assess their guilt or innocence (Mock Crime). Participants in the 

Cultural Interviews and Mock Crime experiment were interviewed by 

professional interviewers.  
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The interviewers asked a set of pre-scripted questions but were allowed to 

ask follow-up questions as desired. Transcripts were made of the interviewee 

responses to the main question and to any follow-up questions. Interviewers were 

not consistent with their follow-up questions. Thus, only the initial response to 

an interviewer’s question is considered in this dissertation. This methodology 

choice has the advantage of being applicable to rapid screening scenarios where 

interviewees usually respond in brief utterances.  

In this chapter, the topics are grouped and presented by construct rather 

than by a strict hypothesis 1 through hypothesis 15 order. The purpose is to 

present to the reader all the information pertinent to a specific construct.  

5.1 Testing Nine Potentially Consistent Cues 

A review of 15 studies on deception detection using linguistic cues identified 

several cues that were reliable predictors of deception. But only nine cues were 

found to be reliable and consistent across three or more studies. In the studies, 

affect ratio, group reference ratio (e.g., we), modifier ratio, second person 

pronoun ratio (e.g., you), sentence quantity, and verb quantity were found to be 

greater for deceivers than for truthtellers. Content word diversity, lexical 

diversity, and sensory ratio were found to be greater for truthtellers than for 

deceivers. H1 tested these nine cues in the Cultural Interviews and Mock Crime 

datasets.  

The observations do not confirm those of previous studies. Deceivers did 

not consistently display more affect ratio, group reference ratio, modifier ratio, 
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second person pronoun ratio, sentence quantity, and verb quantity than 

truthtellers. On three occasions, verb quantity was in the opposite direction 

favoring truthtellers. Sensory ratio, modal verbs, and affect ratio were not 

significant for any question. Only for second person pronoun ratio on one 

question did deceivers show increased behavior. Content word diversity and 

lexical diversity, which were the most consistent cues in the 15 studies, received 

mixed results. Behavior was either not different or in opposing directions to those 

in other questions. H1 is not confirmed.  

Because these nine variables were consistent in past studies, it was 

presumed that a model of classification would perform better with the nine cues 

included than in models without the cues. A nested model design compared an 

inclusive model, which included the nine cues and the other A99A variables, and 

a restricted model, which excluded the nine cues. A logistic regression was used 

for classification on the treatment condition. This hypothesis (H2) was not 

supported in either the Cultural Interviews or Mock Crime dataset. Given that the 

behavior of deceivers and truthtellers did not differ significantly as observed in 

the t-tests, it is not surprising that these cues were not required in a classification 

model. Only on question 2 and 10 of Cultural Interviews and question 15 of Mock 

Crime did the inclusive model show improvement over the restricted model. 

While these findings do not overtly contradict the previous studies, it does 

not support them either. Affect ratio, content word diversity, group reference 

ratio, lexical diversity, modifier ratio, second person pronoun ratio, sentence 
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quantity, sensory ratio, and verb quantity might be consistent cues for several 

studies, but they are not universally consistent. The type of question may impact 

how these cues are used by deceivers and truthtellers. Also, the medium of 

communication, e.g., email, written document, or spontaneous speech, may affect 

how these cues are exhibited. Future studies that vary the type of questions and 

compare them within the context of written media and spontaneous speech may 

help further our understanding regarding these behaviors.  

5.2 Effect of Memory Recall on Activation, Emotiveness, and Imagery 

Content-Based Criteria Analysis (CBCA) and Scientific Content Analysis 

(SCAN) are methods used by law enforcement to distinguish real memories from 

contrived memories in sexual assault cases. They are specific about the direction 

of the behavior and why. CBCA and SCAN propose that truthful messages will 

contain more unusual details, more superfluous details, more details overall, and 

more references to imagery and to feelings than deceptive messages. The 

reasoning is because statements derived from actual memories can draw on 

contextual details of the experience. 

 Zhou et al. (2004) demonstrated that the variables imagery, emotiveness, 

and activation are a good approximation of the constructs used in CBA and 

SCAN. Zhou et al. discovered that truthtellers display more imagery, 

emotiveness, and activation than deceivers in email communications. Their 

experiment used a protocol called Desert Survival Problem. Partners prioritized 

items critical to surviving in the desert. The deceptive partner attempted to 
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mislead the other partner. Because memories of real experiences were not in the 

protocol, the study could not directly investigate the proposed causal mechanism 

for why truthtellers use more imagery, emotiveness, and activation, i.e., accessing 

memory of experiences. This dissertation contributes to their theory by making 

such a direct comparison possible.  

It was proposed that truthtellers should display more imagery, 

emotiveness, and activation than deceivers in responses to questions that require 

accessing memory and recounting of past experiences (H3). There should not be 

a difference in responses to non-memory recall questions nor should there be 

differences in 10-Ks that do not require accessing personal memories the way 

Cultural Interviews might.  

Cultural Interviews contained 12 questions in which participants were 

instructed to answer deceptively or truthfully. Questions were categorized into 

those requiring long-term memory, those requiring short-term memory (i.e., 

experiences that happened in the previous few hours), and those questions that 

did not require memory recall. The Mock Crime dataset does not contain 

questions conducive to this inquiry.  

For responses to questions that require long-term memory recall, imagery, 

emotiveness, and activation do not appear to be associated with truthful 

communication. There was a lack of significant differences. Where significance 

was observed, the direction was in favor of deceivers using more cue behavior 

than truthtellers—opposite the theory.  



159 

For responses to questions that required short-term memory recall, 

truthtellers were observed to display more imagery and more activation than 

deceivers—supportive of the theory. Emotiveness was not observed to be 

significantly different. For questions that did not require memory access (i.e. 

moral dilemmas, future actions, hypothetical situations, etc.) the behaviors were 

the same for both groups. This finding supports the theory.  

Regarding the Fraud/Nonfraud dataset, the mean values of activation and 

imagery are below the neutral value (2.00) indicating passivity and lack of 

imagery, as predicted. However, the fraud group displays higher scores of 

activation, imagery, and emotiveness than the nonfraud group, contrary to 

prediction.  

In general, the theoretical mechanism explained by Zhou et al. (2004) 

appears to be present in short-term memory questions and not in long-term 

memory questions. The absence of behavioral difference in responses to 

questions that do not require memory recall further supports the theory. Where 

differences were observed, memory recall of recent experiences appears to be the 

theoretical mechanism responsible for behavior. Emotiveness did not follow 

predictions. Future studies can investigate this further by increasing and varying 

the sample of questions that require memory recall, distinguishing between 

short-term and long-term memory recall, distinguishing between vivid memories 

and less-vivid memories, and including other linguistic cues that may be relevant 

to memory access.  
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5.3 Hedging 

Hedging words are those that make the meaning of a statement less clear 

and fuzzier. After reviewing deception theories and linguistic theories, the 

following was proposed: Deceivers strategically use hedging language for 

information management purposes and to avoid responsibility; and they do so 

more frequently than truthtellers because of the need to obfuscate, misdirect, or 

fabricate. The rationale is that hedging devices provide many of the 

communicative advantages that deceivers desire from lexical devices. From a 

sociolinguistic perspective, hedging language includes hedging modal verbs, 

adjectives, adverbs, lexical verbs, and conjunctions. Modules for the software 

SPLICE, a linguistic credibility assessment software system, were created for each 

of those hedging categories. The software was run on three datasets of 

experimental and real-world data.  

5.3.1 Hedging in fraudulent 10-Ks 

The Fraud/Nonfraud dataset includes 202 10-K financial disclosures to the 

Security and Exchange Commission (SEC). Half the 10-Ks are known to contain 

fraud, as Accounting Action and Enforcement Releases by the SEC were issued 

identifying the fraudulent 10-Ks. It was theorized that writers of fraudulent 10-Ks 

would write with more hedging language to hide management’s involvement in 

fraudulent behavior or to obfuscate bad news that could negatively affect stock 

price.  
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In 10-Ks, deceivers used some hedging language more frequently than 

truthtellers. The most common hedging words used by the fraudulent group were 

approximately, may, expect, could, plan(ing), if, and estimate. The nonfraud 

group used some of these words but at different rates than the fraudulent group.  

H9, which predicted that deceivers would use more hedging devices in 

fraudulent 10-Ks and at a greater rate than the nonfraud group, received mixed 

support. Overall, the observed differences were only statistically significant when 

considering raw counts. Deceivers used more total hedging words in 10-Ks than 

the nonfraud group did. But the statistical significance disappeared when the 

total hedging count is divided by the total word count. If the length of a document 

is a conscious, strategic choice, then deceivers may write more and may use more 

hedging than truthtellers. It does not appear that writers of fraudulent 10-Ks use 

hedging at a higher rate.  

Zhou et al. (2004) found that collectively modal verbs were used more by 

deceivers than truthtellers. They reasoned that deceivers communicate in 

uncertainty and therefore use more modal verbs. However, only some modal 

verbs communicate uncertainty while others communicate certainty. To increase 

construct validity, it was proposed that modal verbs be divided into two 

constructs: those that increase uncertainty (e.g., hedging modal verbs) and those 

that do not (e.g., non-hedging or certainty modal verbs). The two constructs were 

investigated using the Fraud/Nonfraud corpus. It was hypothesized that 
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deceivers use hedging modal verbs more often (H10) and non-hedging modal 

verbs less often than truthtellers (H11). 

Hedging modal verbs are could, may, might, would, and ought. Non-

hedging modal verbs are those that increase the clarity and certainty of a 

statement (e.g., will, must, shall, can, etc.). One hedging modal verb, could, was 

used at a greater rate by those in the fraud group. There was no difference in rate 

of use among the other hedging modal verbs (e.g., ought, may, might, and 

would).  

It was found that non-hedging modal verbs are used more often by the 

nonfraud group than the fraud group. This fact supports the proposal that modal 

verbs should be divided into two groups based on their hedging or non-hedging 

meaning. An in-depth investigation found that the nonfraud group used will 

more frequently then the fraud group. The fraud group preferred to use could. 

Deceivers may wish to avoid the use of will in favor of using could, which affords 

them protection from a failed prediction.  

These observations regarding will and could may explain why Zhou et al. 

found modal verbs, defined collectively, to be statistically significant in their 

studies. It would be useful to know if will accounts for the majority of modal verb 

variance in the Zhou et al. findings or if other factors are influencing deceivers’ 

use of modal verbs.  

H12, which predicted that deceivers use hedging conjunctions, hedging 

adjectives, and hedging adverbs at greater rates in 10-Ks than the nonfraud 
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group, did not receive support. These hedging constructs are used equally by both 

groups.  

Business and sales language may shun the general use of hedging devices 

because of detrimental effects to one’s image of managerial competence. Business 

writers may have learned to present themselves, their assessments, and their 

predictions in certainty terms rather than uncertainty terms. It is plausible that 

no manager, truthful or deceitful, desires to communicate uncertainty when 

discussing the outlook of a company. If this behavior is true, then business 

language may generally be devoid of hedging, and this may explain the lack of 

strong support for the hedging hypotheses in 10-Ks. 

5.3.2 Classification accuracy in 10-Ks using hedging variables 

The research question regarding classification of fraud with hedging 

variables was investigated. As demonstrated by a nested model design, a logistic 

regression model requires the following variables as parameters: word-token 

count, hedging modal verbs count, hedging adjective count, hedging adverb 

count, hedging noun count, hedging conjunction count, hedging lexical verb 

count, hedging modal verbs ratio (calculated by dividing by word/token count), 

hedging adjective ratio, hedging adverb ratio, hedging noun ratio, hedging 

conjunction ratio, and hedging lexical verb ratio. This inclusive model predicts 

with 69.3% overall accuracy and accounts for 19.8% of the variance. This is a 

modest improvement over the Zhou et al. model classification (65.8% accuracy) 

on the Fraud/Nonfraud corpus.  
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5.3.3 System integration for fraud detection 

Classification results indicate that models of fraud can be improved by the 

addition of hedging variables. Hedging module for the software SPLICE has been 

developed as part of this dissertation. The module outputs several hedging 

variables useful for classification. SPLICE can run as a web service.  

EDGAR is the SEC’s web portal for submitting and retrieving financial 

disclosures (http://www.sec.gov/edgar.shtml). U.S. companies are required to 

submit quarterly and yearly financial disclosures using EDGAR. The SPLICE 

software can be integrated into the EDGAR web portal for automatic 

classification. Figure 11 documents the process flow. 
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Figure 11. SEC’s EDGAR and SPLICE integration for automatic fraud screening 

of financial disclosures (proposed).  

 

After a company uploads a 10-K to EDGAR, an automatic process can be 

started which runs SPLICE on the file just uploaded. SPLICE parses the text file, 

creates features from the document, and compares the feature to a model of 

fraud, such as the one developed for this dissertation. SPLICE can flag a 10-K as 

“possibly fraudulent” or “nonfraudulent.” This classification will be available only 

to the SEC. Managers at the SEC can then assign auditors to investigate the 

possible fraudulent documents. As auditors identify fraud or nonfraudulent 10-

Ks, they can feed that information back into SPLICE for refinement of the fraud 

model.  
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Auditors are a scarce resource. Currently, auditors cannot screen all 

documents for fraud. With SPLICE running as an automated process, 100% of 

the financial documents submitted to the SEC can be screened to some degree 

and human assets can be strategically directed to where they are needed. In 

addition, with the auditors’ manual assessments being fed back into SPLICE, the 

model will continually improve over time.  

5.3.4 Hedging in spontaneous speech 

Hyland (1998) found that hedging is not used consistently across corpora 

and is less prevalent in speech. This fact justifies an investigation of hedging in 

spontaneous speech separate from the written financial statements. To 

investigate hedging use by deceivers in spontaneous speech, two experiments 

were conducted. The Cultural Interviews experiments asked 12 questions of 

participants who were instructed to answer truthfully or deceptively, changing 

their deceptive/truthful condition every three questions. The Mock Crime dataset 

had some participants steal a ring from a desk and then lie about their 

involvement in the mock crime. All interviews were conducted by professional 

interviewers. Independent t-tests and repeated measures GLMs were conducted.  

For the repeated measures GLM tests, four blocks of three questions were 

defined that matched the treatment. The four successive blocks represent 

alternating patterns of truthful and deceptive responses across the 12 questions. 

The truth-first order followed the TTTDDDTTTDDD pattern. In the deception-

first order, participants followed a DDDTTTDDDTTT pattern. All hedging 
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variables were ratios to total number of words to adjust for the length of the 

responses. Only the first response to a question was considered for the reasons 

stated previously.  

From the repeated measures GML on the Cultural Interviews data, it is 

observed that as the participants changed condition (i.e., from truthful to 

deceptive or vice versa), their use of all hedging words changed as predicted. 

Deceivers generally had a higher rate of hedging than truthtellers; however, the 

block by condition interaction was not statistically significant. The question by 

condition interaction was significant and indicates that the type of question 

affects the behavior of both treatment groups.  

T-tests on individual questions confirm this general trend. Question 2 and 

question 4 show the largest behavioral differences. For question 2, “what would 

you do if your boss gave you credit for someone else's work,” deceivers used 

hedging words at a greater rate than truthtellers. The same was observed for 

hedging adjectives and hedging adverbs. Question 4, “please tell me everything 

you did today from leaving your home to arriving for this interview,” resulted in 

an increased rate by deceivers for the overall hedging variable and for hedging 

adverbs. Regarding the Mock Crime experiment, t-tests on the individual hedging 

categories produced 6 cases of significance, 5 of which were in the direction of 

greater rate for deceivers than truthtellers.  

The Cultural Interviews experiment seemed to provide more consistent 

findings than the Mock Crime experiment. One reason may be because the 
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Cultural Interviews experiment manipulated the deceptive-truthful condition 

every three questions—a strong treatment manipulation. With the Mock Crime 

experiment, the treatment was guilty or innocent. It is possible that Mock Crime 

participants could answer some questions truthfully even when in the guilty 

condition or they may simply omit a relevant detail in an otherwise truthful 

response. This possibility may cause the guilty participants to use hedging 

devices similar to the innocent participants. 

The overall finding is that deceivers sometimes use hedging words more 

often than truthtellers in spontaneous speech and that this behavior is most 

apparent when looking at individual questions. If the questions can be answered 

truthfully by a deceiver, as was the case for some Mock Crime questions, or if the 

deceivers can give a response that is largely true, the deceptive use of hedging 

may be unnoticed. It is recommended that interviewers use open ended questions 

that do not allow the deceiver to skip over pertinent guilty details. The 

interviewer should probe the action of interest, such as the theft of the ring, so 

that deceivers must blatantly lie about their involvement rather than adopt an 

avoidance strategy. 

5.4 Disfluency Use and Deception 

Disfluencies are common in spontaneous speech and may include the 

utterances uh, um, ah, er, eh, and repeating phrases. The causes of disfluencies 

are being debated in the scientific community. Traditionally, disfluencies are 

thought to arise from speech errors during speech production or during 
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articulation. However, other researchers claim that uh and um are unique from 

other types of disfluencies. They claim that um and uh should be considered 

words, not just utterances, because um and uh signal expected delays. They also 

claim um and uh can be strategically employed by speakers to assist in 

communication (Clark & Fox Tree, 2002). These contradicting views between the 

two disfluency theories have an impact on theories of deception. Do deceivers use 

more or fewer disfluencies than truthtellers and why?  

After reviewing the theories of deception and of disfluencies, two theories 

are presented that explain a disfluency-deception connection. First, the Cognitive 

Load-Disfluency theory predicts that deceivers will use more disfluencies than 

truthtellers because the extra cognitive load required for deception increases 

speech errors and thereby increases disfluencies. Second, the Suppression-

Disfluency theory predicts that deceivers will use fewer disfluencies than 

truthtellers because deceivers wish to avoid appearing uncertain, hesitant, and 

deceptive since disfluencies are associated with appearing deceptive. Deceivers 

instead purposefully manage their image and use fewer disfluencies. There is also 

debate as to whether uh and um should be classified as disfluencies or as 

interjections. If uh and um are interjections, then their use should increase with 

truthtelling according to the Suppression-Disfluency theory. Prior research on 

deceptive/truthful speech reports conflicting evidence regarding the use of 

disfluencies.  
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Modules for the software SPLICE were created to investigate the various 

variables of disfluencies. Disfluency variables include a composite variable of er, 

eh, ah, and ttt (ErEhAhTtt), a variable for uh (Uh), one for um (Um), a composite 

variable of uh and um (UmUh), a variable for repeated phrases (Repeated 

Phrases), and a composite variable of all disfluencies (All-disfluencies). 

The research question is whether the Cognitive Load-Disfluency theory or 

the Suppression-Disfluency theory more accurately predicts the outcome of 

disfluency use by deceivers and truthtellers. Because the two theories have 

contradicting predictions, the individual hypotheses in this dissertation are used 

as stepping stones towards answering this larger research question.  

One of the propositions of the Suppression-Disfluency theory is that uh 

and um are not disfluencies and therefore are used differently than the other 

disfluencies. To test this, H6 proposes that um and uh have different associations 

with deception than er, ah, eh, ttt, and repeated phrases. Independent samples t-

tests were conducted to investigate this hypothesis. H4 predicts that um and uh 

decrease in usage with deception and er, eh, ah, ttt and repeated phrases increase 

with deception. These two hypotheses allowed the Suppression-Disfluency theory 

to be compared to the Cognitive Load-Disfluency theory. The twelve questions 

from Cultural Interviews and the longer-response questions 9, 10, and 15 from 

Mock Crime were used to test these hypotheses.  

Er, eh, ah, ttt, and repeated phrases were not found to be associated with 

deception in either the Cultural Interview or the Mock Crime experiments. Only 
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on question 6 in Cultural Interviews did deceivers use repeated phrases at a 

greater rate than truthtellers. The other questions showed either no difference 

between the two groups or that truthtellers used more er, eh, ah, and ttt.  

In contrast, uh and um do appear to be used at a greater rate by deceivers 

than truthtellers, at least on some questions. For the Cultural Interviews 

experiment there were 13 cases of significant disfluency variables, all but one 

involve the use of uh or um. All significant findings of uh and um were consistent 

in the direction of deceivers having a greater rate than truthtellers. Where the all-

disfluency variable was statistically significant, uh or um were the contributing 

variables that made the all-disfluency variable significant.  

To further investigate these observations, the variable UmUh (a composite 

of um and uh) was used in a repeated measures GLM. The interaction of question 

block and condition was found statistically significant with the mean rate of 

UmUh being higher for participants in the deceptive condition than for the 

truthful condition. Each time participants changed condition, the behavior 

changed consistently with the predictions of the Cognitive-Load Disfluency 

theory.  

 In the Mock Crime experiment um and uh and all disfluencies were only 

significant for 5 of the 19 questions investigated. Um appeared to be used equally 

by both treatment groups, while uh was significant for only one question in favor 

of truthtellers using uh at a greater rate than deceivers. Given the consistent 

results of Cultural Interviews and the lack of results in most of the Mock Crime 
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questions, it is concluded that um and uh are associated with deception, while er, 

ah, eh, and ttt are associated with truthtelling. Repeated phrases may be 

associated with deception and requires further testing. H4 is not supported. This 

can be interpreted as evidence against the Suppression-Disfluency theory, as 

currently constituted.  

5.4.1 Does reverse order questioning increase disfluencies? 

 This dissertation proposes an explanation for the seemingly contradicting 

evidence in prior research regarding disfluency use in deceptive communication. 

The cognitive load caused by deception may not tax the deceiver sufficiently to 

cause speech errors. Without speech errors, there is no increased use of 

disfluencies. With available cognitive resources, the deceiver is able to mitigate 

disfluencies and behave as a truthteller. A possible way of increasing cognitive 

load was suggested by Vrij and Heaven—to require the deceiver to tell lies in 

reverse order (2008).  

The Mock Crime experiment contrasts two questions by chronology and 

affords an opportunity to test this proposition. Question 10 requires the 

participant to answer in chronological order, “I’d like you to describe everything 

you did and saw from the moment you left the Esquire Building until you arrived 

here.” Question 15 asks the same question but requires the participant to answer 

in reverse order, “I’d like you to now describe in reverse order everything you did 

and saw from the moment you arrived here back to when you left the Esquire 

Building.” H5 predicted that there would be more disfluencies in reverse 
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chronological order responses than in chronological order ones, given the 

assumption that cognitive load increase because it is harder to remember actions 

in reverse order. H6 predicted that deceivers would be affected by the increase in 

cognitive load more than truthtellers, under the assumption that deception also 

increases cognitive load. By watching the videos of the participants, it is apparent 

that the participants seem to struggle more with question 15 than question 10 as 

evidenced by nervous laughter, silent pauses, and thoughtful expressions. The 

research question pertinent to this investigation is whether the increased 

cognitive load results in increased disfluencies, particularly for those in the 

deceptive condition.  

 Statistically significant differences were found between question 10 and 

question 15. Disfluencies and each subcomponent of disfluencies were 

significantly different but in the opposite direction predicted. Question 10 had a 

higher mean rate of disfluencies, ErEhAhTtt, repeated phrases, and UmUh than 

question 15. Hedging followed the same pattern. Interjections followed the 

opposite pattern. As such, H5 is not supported. Instead, the opposite appears to 

be the case.  

 The interaction between chronological order and deception condition did 

not produce a significant result. A repeated measures GLM confirmed that 

participants decreased the rate of disfluencies in question 15 and that the 

behavior of deceivers and truthtellers did not differ. H6 did not receive support.  
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Contrary to Vrij and Heaven’s proposition and to the prediction of the 

Cognitive-Load Disfluency theory, the reverse chronological order question did 

not result in increased disfluencies (um, uh, er, eh, ah, ttt, or repeated phrases), 

at least for the two questions in the Mock Crime experiment. One explanation 

could be that even though question 15 required answering in reverse 

chronological order, the question was already familiar to the participant; thus, 

familiarity reduced the cognitive load of question 15.  

Future experiments can address this concern by having some participants 

answer the reverse chronological order first and comparing the behavior to those 

who answered the forward order question first. This design was not possible for 

the Mock Crime experiment given its multi-purpose, multi-instrument protocol. 

Another explanation is that neither question 10 nor 15 resulted in enough 

cognitive load to overtax the participants. Adding additional questions of 

different types to future experiments can elucidate the research question.  

5.4.2  Complexity’s association with disfluencies and deception 

Repeated phrases have been associated with more complex sentences and 

longer constituents (Clark & Wassaw, 1998; Watanabe et al., 2007). Zhou et al. 

proposed a construct for complexity that is amenable to automated linguistic 

credibility assessments, which was then demonstrated as being associated with 

deception (Zhou et al., 2004). It was hypothesized that complexity would be 

positively associated with disfluencies and repeated phrases (H7). Furthermore, 

complexity and repeated phrases would be associated with deception (H8).  
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In these experiments complexity had a weak positive correlation to 

disfluencies and to repeated phrases. Using a repeated measures GLM and 

complexity as the measure, there was a near significant interaction between 

question block and deceptive condition. However, the behavior was opposite the 

prediction. Deceivers appeared to respond with slightly less complex responses 

than truthtellers. This observation is counter to the theory that deceivers 

communicate in complexity to hide deception.  

An appeal to Cognitive-Load Disfluency theory may explain this 

phenomenon. It is assumed that the increased cognitive load associated with 

deception requires fewer attentional resources, which may reduce the deceiver’s 

ability to construct and manage complex constituents. Disfluencies are thought to 

be a result of speech errors. Speech errors would indicate that deceivers have 

fewer attentional resources and, as a consequence, may be unable to manage 

long, complex constituents during speech production. The implication is that 

disfluencies should be associated with simpler constituents. 

Notably, Interpersonal Deception Theory predicts the opposite, i.e., 

complexity increases with deception. Regarding complexity, IDT uses a different 

theoretical argument that does not rely on cognitive load. Instead, IDT proposes 

that complexity is a deceptive strategy and is motivated by the deceiver’s wish to 

obfuscate, misdirect, and hide using complex language.  

For this investigation, complex responses do not appear to correspond with 

increased disfluencies, increased repeated phrases, or with deceptive speech. 
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Future research can compare the theoretical positions of IDT and Cognitive-Load 

Disfluency theory. 

5.4.3 Interjections in spontaneous speech 

The Suppression-Disfluency theory makes specific predictions about 

interjections. Interjections are words or small phrases that are common to 

spontaneous speech but they do not add meaning to the sentence. They include 

oh, okay, ok, well, yeah, like, you know, I mean, etc. They make speech appear 

natural and fluid. They allow the speaker to emphasize a point or to seek 

agreement from the listener. They also allow the speaker to manage the 

conversation and manage turn-taking.  

 The Suppression-Disfluency theory proposes that uh and um, which have 

previously been classified as disfluencies, should be classified instead as 

interjections. The theory predicts that uh, um, and interjections should decrease 

with deception. Interjections appear in normal, fluid speech and should be 

present in truthful speech. The Cognitive-Load Disfluency theory does not make a 

prediction regarding interjections behavior, other than to take the position that 

um and uh should be categorized as disfluencies.  

For the Cultural Interviews dataset, 12 cases of significance were observed 

regarding interjections and all but two cases were in the direction of deceivers 

having an increased rate over truthtellers. The significant cues were all 

interjections, I mean, like, ok, well, and other interjections. Oh, yeah, and you 

know did not result in significance. The direction of the behavior was consistent 
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though counter to that posited by the Suppression-Disfluency theory. Deceivers 

used interjections at a greater rate than truthtellers.  

Okay and well commonly appeared as the first word in the interviewer’s 

initial response. Deceivers may use these interjections as a way to buy time to 

think while appearing to respond quickly to the interviewer. 

The repeated measures GLM was conducted on the interjections construct 

and on the word like in the Cultural Interviews dataset. The interactions between 

question block with interjections and question block with like were found 

significant. Mean rates were higher for participants in the deceptive condition 

and reversed when the participants changed to the truthful condition. This 

provides compelling evidence that deceivers use interjections at a greater rate 

than truthtellers.  

For the Mock Crime dataset, there was a general lack of significant 

findings for behavioral differences among deceivers and truthtellers. Questions 5 

through 18, question 20, and question 23 did not produce differences for any of 

the interjection variables. Question 22 resulted in truthtellers using an increased 

rate of interjections. Question 21 found the rate of oh increased for truthtellers. 

And question 24 found the use of I mean increased for truthtellers. While these 

findings were opposite the findings from Cultural Interviews, the lack of 

significance on so many questions in Mock Crime does not provide enough 

evidence to overweigh that of Cultural Interviews. Future investigations can 

explore these phenomena. The use of like may be a starting point for 
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investigation, as it is the interjection most consistently associated with deception. 

A comparison of the Suppression-Disfluency theory and the Cognitive-Load 

Disfluency theory follows next.  

5.4.4 Cognitive-Load Disfluency versus Suppression-Disfluency 

The evidence seems to support the Cognitive-Load Disfluency theory over 

the Suppression-Disfluency theory. Table 32 shows the predictions of each theory 

and the observations from the two experiments. Two predictions by the theories 

are contrastable. The other predictions are specific to one theory or the other.  
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Table 32. Comparing Disfluency-Deception Theories 

Proposition Cognitive-Load 

Disfluency 

Suppression-

Disfluency 

Observed 

Behavior 

Um and uh increase with 

deception because of 

cognitive load 

Agree,  

D > T 

Disagree,  

T > D 

D > T in CI 

T = D in MC 

Er, eh, ah, & ttt increase with 

deception because of 

cognitive load 

Agree,  

D > T 

NA T = D 

Repeated phrases increase with 

deception because of 

cognitive load 

Agree,  

D > T 

NA T = D and  

T > D;  

rarely D > T 

Interjections increase with 

truthful speech 

NA Agree,  

T > D 

D > T in CI 

T = D in MC 

Uh and um and should be 

classified with interjections 

Disagree* Agree,  

T > D 

Not supported 

Reverse order questions 

increase disfluencies 

Agree,  

D > T 

NA T = D 

Disfluencies are associated with 

complexity 

Agree,  

D > T 

NA T= D 

Note. D = deceiver. T = truthteller. CI = Cultural Interviews. MC = Mock Crime. NA means no 

prediction is proffered. * Traditionally, uh and um are disfluencies, but Cognitive-Load Disfluency 

theory does not make a prediction on interjections. 
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 Cognitive-Load Disfluency theory predicts that um and uh increase with 

deception because deception increases cognitive load, cognitive load causes 

speech errors, and speech errors are associated with disfluencies. Suppression 

Disfluency theory predicts um and uh decrease with deception as deceivers 

control the use of both um and uh to mitigate appearing deceptive. The 

Cognitive-Load Disfluency position received support as it was observed that 

deceivers used more um and uh than truthtellers.  

The Suppression-Disfluency theory proposes that um and uh should be 

classified with interjections and that interjections increase with truthful speech. 

Cognitive-Load Disfluency theory traditionally classifies um and uh with 

disfluencies but makes no specific prediction regarding interjections. While um 

and uh seem to move in the same direction as interjections in the Cultural 

Interviews experiment, the direction of the behavior is opposite of that predicted 

by the Suppression-Disfluency theory. The Suppression-Disfluency theory is 

disconfirmed as currently constituted.  

Yet, the Cognitive-Load Disfluency theory does not make perfect 

predictions either. Some of its predictions did not receive support. Repeated 

phrases, er, eh, ah, and ttt are not associated with deception, as specifically 

predicted by the theory. Instead, er, eh, ah, and ttt appear to be the same for 

truthtellers and deceivers. In some cases, repeated phrases increased for 

truthtellers and in other cases the rate increased with deception. The 

Suppression-Disfluency theory proposed that um and uh are different from 
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repeated phrases, er, eh, ah, and ttt. This inference appears to be valid, even 

though the direction of the behavior does not support the Suppression-Disfluency 

theory. Future research should further investigate the difference between the um 

and uh measures and the repeated phrases, er, eh, ah, and ttt measures. It is the 

author’s conclusion that um and uh should remain disfluencies and the others 

should be relegated to another constructs.  

Cognitive-Load Disfluency theory does not make a prediction about 

interjections, since it focuses entirely on disfluencies. However, using the same 

causal mechanism (e.g., increased cognitive load), there are two possibilities for 

interjections and deceptive behavior. Either deceivers will forget to use 

interjections because they are in a decreased attentional state; or deceivers will 

use more interjections because, being in a state of increased cognitive difficulty, 

they need extra time to think and to formulate deception. Interjections may be a 

strategic device to buy time for the deceivers. Support for this second proposition 

may be warranted. It was observed that interjections were associated with 

deceptive speech and that okay and well were typically the first word in an 

interviewee’s responses. These finding provide a starting point for future research 

to manipulate the cognitive difficulty of questions and observe the effects on 

deceptive communication. 
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5.5 Classification Accuracy: Models with Feature Reduction and a 

Comparison to Professional Interviewers 

The goal of this dissertation is to find behavioral differences that can 

identify deceptive communication. Several new behavioral measures were 

proposed and identified as distinguishing deceivers from truthtellers. The next 

goal is to use this knowledge and to create models of deception that can classify 

deceivers and truthtellers better than chance (50%), better than the average 

human (54%), better the professional interviewers in the studies, and better than 

past models of deception (e.g., A99A).  

Two research strategies exist for investigating classification. The first 

strategy is to test one model for all questions. The second strategy is to create one 

model for each question and to tailor the model to the question. The first strategy 

attempts to create a generalized model that works for many different questions. 

The second strategy assumes that the type of question asked may have an effect 

on behavior and attempts to maximize the classification accuracy per question. 

This assumption proved valid as the repeated measures GLM investigations 

observed main effects for question number.  

5.5.1 Should disfluencies, interjections, and hedging measures be included in 

classification models?  

The first strategy was performed by comparing a restricted model (A99A 

variables) to an inclusive model (A99A variables plus disfluency, hedging, and 
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interjection variables). A99A is the predecessor to SPLICE and has been 

investigated in several prior studies. It serves as a baseline for comparison. 

Results indicate that for five of the 15 questions investigated, the addition of 

disfluency, uh and um, interjections, like, and hedging did significantly decrease 

error, increase explained variance, and increase overall classification accuracy.  

The inclusive model’s classification accuracies ranged from 58% to 74% 

overall (see Figure 12). The nested model design does not allow for 10-fold cross-

validation. The main purpose was to demonstrate that a model of deception could 

benefit from disfluencies, hedging, and interjection variables. The inclusive 

model was statistically significant over the restricted model for five of the 

questions and resulted in equal or improved overall accuracy in all questions. The 

inclusive model also resulted in a balance between truth accuracy and deception 

accuracy, i.e., not suffering from a truth or lie bias as human judges frequently 

display. These facts demonstrate that the inclusion of disfluencies, interjections, 

and hedging can benefit models of deception detection.  
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Figure 12. Model accuracy with disfluencies, hedging, and interjections. CI is 

Cultural Interview and MC is Mock Crime. Adding variables for disfluencies, 

hedging, and interjections improved the overall classification accuracies over just 

A99A. Neither a lie nor truth bias was observed.  

 
 

It is recommended that SPLICE, A99A, LIWC, and other linguistic 

credibility assessment software should include these new behavioral measures. 
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5.5.2 Feature reduction strategies to maximize classification accuracy 

The second classification strategy is to create classification models for each 

question and to employ feature reduction to create manageable models. With the 

development of SPLICE, several new variables are available for possible inclusion 

in models (see Appendix F). A subsequent research question is whether 

combining SPLICE variables with A99A variables affects classification accuracies. 

Two comparisons are provided in Figure 13 which contrasts models of A99A with 

and without SPLICE variables.  

A logistic regression with A99A variables was conducted on a per question 

basis to be used as a baseline. The accuracies range from 57% to 76% and the 

mode is 65%. Next, all the variables from SPLICE were include with the A99A 

variables and a feature selection process was employed. A backward Wald 

stepwise procedure was performed for all questions except question 15, which 

used a forward Wald stepwise method. See Appendix G for a list of which 

variables were selected for each question.  
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Figure 13. Comparison of A99A to A99A with SPLICE classification models. CI is 

Cultural Interview and MC is Mock Crime. Logistic regression was employed for 

classification. The addition of SPLICE variables and feature reduction improved 

overall accuracy.  

 

The variables for like, well, ok, other-interjections, and all-interjections 

appeared in 13 of the 14 backward Wald stepwise models. This observation 

underscores the importance of interjections when classifying deceivers versus 

truthtellers, at least for Cultural Interviews and Mock Crime. Disfluencies 
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appeared in 9 of the 14 models, specifically the all-disfluency variable, 

ErEhAhTtt, and repeated phrases, but not uh or um despite being significant in 

the behavioral investigation. This last observation underscores the 

recommendation that uh and um should not be in the same construct as the other 

variables. Self-references appeared in 12 of the models as did hedging adverbs. 

Hedging adjectives and all-hedging appeared in 11 of the models. Activation, 

modifier quantity, lexical diversity, pleasantness, and question ratio appeared in 

10 models.  

With the inclusion of the SPLICE variables and with the feature reduction, 

classification accuracy improved and ranged from 69% to 87% with the mode of 

74%. This demonstrates that the additional variables from SPLICE and the 

feature reduction procedure can increase accuracy. This result justifies the 

continued development of SPLICE and A99A.  

Additionally, a 10-fold cross-validation was applied to the logistic 

regression of A99A with SPLICE and feature reduction. Expectedly, the overall 

accuracy decreased for each question, but the mode accuracy remained 

acceptable at 62%. This is better than chance and better than the average human. 

In seven cases, the cross-validated accuracy was equal to or higher than the 

professional interviewers involved in the study. 

It is argued that the single-fold validation results are sufficient to answer 

the research question: does combining A99A with SPLICE variables and using a 

feature selection procedure improve classification accuracies. Cross-validation is 
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used to mitigate overfitting of the predictive model. However, overfitting was not 

observed in these results as the variance explained by the model only ranged 

from 20% to 30%. Overfitting is a problem if the model fits to noise rather than to 

just the true predictors. Had overfitting be present, the accuracy results would 

have been much higher and the amount of variance explained would have been  

several times greater because noise would be added to the variance explained 

rather than to the unexplained. Regardless, both classification results have been 

presented for the reader’s edification.  

Continued development of SPLICE with A99A is justified. It is 

recommended that the variables from A99A be created as modules in SPLICE. 

Currently, only a few are available in SPLICE. The advantages of SPLICE over 

A99A are faster code execution, easier development, a built-in Natural Language 

Processing Toolkit created by the linguistic community, and SPLICE’s web-based 

service-oriented architecture.  

5.5.3 Comparison to professional interviewers 

The professional interviewers in the Cultural Interviews experiment 

averaged 62% overall accuracy and can serve as a standard against which the 

various automated models can be compared and judged. For the Mock Crime 

experiment, the overall accuracy among the four professional interviewers 

resulted in an average of 72% (68% mode). These accuracy rates exceed what has 

been reported in multiple meta-analyses on deception detection, which report an 

average accuracy rate of 54% for both novice and professional judges. It should 
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also be noted that the professional interviewers in the two experiments were able 

to ask follow-up questions and had between 15 to 30 minutes with each 

participant. This gave them an advantage of seeing baseline behavior in 

participants and afforded multiple-exposures from which to draw conclusions. 

Rapid screeners in high volume environments have less time with subjects and 

achieve less accuracy, which affords room for improvement with tools and 

techniques designed to augment human judgments. Figure 14 shows a 

comparison of the interviewer’s average accuracy to the A99A with SPLICE 

models, which used logistic regression and feature reduction.  
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Figure 14. Comparison of classification models to interviewer accuracies. The 

models used logistic regression of A99A and SPLICE variables with feature 

selection. CI is Cultural Interview and MC is Mock Crime. The models performed 

as well as or better than the professional interviewers.  

 

The results of the logistic regression with feature selection are 

encouraging. The conclusion is that feature-reduced logistic regression models 

made comparable judgments that were equal to, or in some cases, better than the 

accuracies of the professional interviewers. This was achieved using only the 

initial response to a question rather than with the full interview dynamics 
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available to the professional interviewers. An additional advantage of the model 

is the balance between deception accuracy and truth accuracy. A lie bias is 

common among professional interviewers. These facts demonstrate that a 

linguistic credibility assessment can be an effective tool even in rapid screening 

scenarios where only short responses are proffered by the interviewee.  

5.5.4 Machine learning algorithms with automated feature selection 

Several machine learning algorithms were attempted to improve upon the 

classification accuracies already reported. These algorithms include: decision tree 

(J48), simple logistic regression with automated feature selection, naïve bayes, 

random forest (several decision trees working in concert), support vector 

machine, CfsSubsetEval-J48, and AdaBoost of J48. Several of these have built-in 

feature reduction processes to create parsimonious models while maintaining 

accuracy. Cross-validation with 10-fold was employed with these algorithms. The 

best performing algorithms were AdaBoost of J48 and CfsSubsetEval-J48, which 

on question 2 of Cultural Interviews each resulted in an overall accuracy of 

63.8%. The other questions did not reach 60%.  

From the many machine learning algorithms attempted, two lessons were 

learned. First, AdaBoost did improve classification accuracies by about 5% better 

than a decision tree without AdaBoost. Although the accuracies are not as high as 

the logistic regression reported previously, AdaBoost should be considered in 

future investigations that rely on decision trees. Second, the automated feature 

selection included with the algorithms did not result in models with accuracies 
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better than the professional interviewers. This last point adds further justification 

to using a backward Wald stepwise method with logistic regression. Logistic 

regression, using backward Wald stepwise, performed the best of all the 

algorithms attempted, even when cross-validated.  
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CHAPTER 6. CONCLUSION 

The purpose of this dissertation is to find new knowledge about the 

behavior of deceivers and how they differ from truthtellers with specific interest 

in the use of disfluencies, hedging, and interjections. These behaviors appear to 

increase with deception. With this knowledge, an improved linguistic credibility 

assessment tools, called SPLICE, was enhanced. The improved SPLICE can help 

screeners, interviewers, and auditors assess when someone is being deceptive or 

truthful and fraudulent or nonfraudulent.  

6.1 Summary of Knowledge Gained 

The scientific knowledge gained from this dissertation is summarized as 

follows.  

1. In fraudulent financial statements, deceivers used could with 

increased frequency. Truthtellers used will more frequently. 

2. In fraudulent financial statements, modal verbs that describe certainty 

were used more frequently by truthtellers than deceivers. 

3. Other hedging devices appeared to be used equally by both the 

fraudulent and nonfraudulent groups. 

4. A model which included hedging devices classified fraud at 69% 

accuracy, which was an improvement over the A99A model without 

hedging (66%). 
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5. In spontaneous speech, deceivers had higher mean rates of hedging 

than truthtellers, although the difference varies by question. 

6. Contrary to past studies, deceivers did not display more affect ratio, 

group reference ratio, modifier ratio, second person pronoun ratio, 

sentence quantity, and verb quantity than truthtellers. Truthtellers did 

not display more content word diversity, lexical diversity, or sensory 

ratio. Despite the lack of replication, it is the author’s opinion that 

these nine cues are excellent candidates for future studies. 

7. On short-term memory questions, truthtellers displayed more imagery 

than deceivers. Long-term memory questions did not produce 

differences in behavior for imagery, activation, or emotiveness, as 

theory suggests.  

8. The type of questions asked impacts the behavior of deceivers and 

truthtellers. The mean rates of behavior varied greatly by question for 

both truthtellers and deceivers. 

9. In the Mock Crime experiment, guilty participants appeared to answer 

in long responses that were largely truthful but may simply have 

omitted a small pertinent fact regarding their crime. For example, 

descriptions of what they did before arriving for the experiment were 

just as long and detailed as innocent participants. This deceptive 

strategy made the linguistic credibility assessment difficult to 

distinguish between guilty and innocent participants.  
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10. Deceivers used interjections at a greater rate than truthtellers. The use 

of like, okay, and well appeared to be interjections that distinguished 

deceivers from truthtellers. Deceivers may use okay and well more 

frequently at the start of a sentence to buy time to formulate a 

believable response. 

11. Deceivers used um and uh more often than truthtellers. Deceivers did 

not use more er, eh, ah, and ttt than truthtellers. Deceivers may use 

repeated phrases more often than truthtellers.  

12. The Cognitive-Load Disfluency theory describes deceptive behavior 

more accurately than the Suppression-Disfluency theory. The causal 

mechanism that increases disfluencies in deceptive speech appears to 

be cognitive load. 

13. The proposal by some researchers to include um and uh as 

interjections is not supported by this research. 

14. Asking a question that required the interviewee to answer in reverse 

chronological order did not appear to increase cognitive load 

sufficiently and did not increase disfluency use by deceivers. 

15. Including disfluencies, interjections, and hedging in logistic regression 

models increased classification accuracy over models without them.  

16. Combining variables from SPLICE and A99A produced a more 

accurate model of deception than with just A99A variables. A logistic 

regression with backward Wald stepwise procedure classified with 
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better accuracy than several machine learning algorithms. The 

classification results were better than chance, better than the average 

human’s assessment of deception (54%), and, for some questions, 

better than the professional interviewers involved in the studies.  

6.2 Recommendations 

The knowledge gained justifies the following recommendations.  

1. All the variables in A99A should be ported into SPLICE. To date, only 

a few have. A logistic regression with feature selection should be used 

for classification. Disfluencies, hedging, and interjections should be 

included in the model.  

2. Disfluencies should be defined as um and uh. Er, eh, et, ah, and ttt 

should be a separate construct. More studies regarding repeated 

phrases as a potential disfluency should be conducted.  

3. Modal verbs should be divided into two constructs: those that 

increase certainty and those that decrease certainty. Deceivers 

communicate in uncertainty. Having the two constructs helps to 

distinguish behavior better than one.  

4. Because behavior varies by question, deception detection should 

account for the type of question asked. Comparing questions that 

require short-term memory access (e.g., what did you do in the last 

24 hours?) to questions that do not require memory access (i.e., 

moral dilemmas, future actions, scenarios, etc.) may be of 
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importance. These types of questions may elicit behavioral 

differences in imagery, activation, and emotiveness.  

5. The Cognitive-Load Disfluency theory should continue to be 

developed. Specifically, methodologies and interview techniques that 

manipulate cognitive load should be investigated.  

6. Interviewers should avoid yes/no questions and use open-ended 

questions. They should strive to elicit longer responses from 

interviewees. 

7. Interviewers should ask questions that focus on the deceptive 

material. Deceivers should not be allowed to orate about 

nonpertinent details. A common deceptive strategy is to hide behind 

truthful but irrelevant statements. Direct questions germane to the 

crime are preferred because they force the deceiver to blatantly lie. 

8. Linguistic credibility assessments are ready to be tested in real-world 

environments and should be developed for context-specificity.  

9. The SEC should use SPLICE to automatically assess all 10-Ks 

submitted through their EDGAR website. SPLICE can flag potentially 

fraudulent 10-Ks and auditors can investigate as warranted. This 

recommendation has the advantage of focusing scarce human 

resources.  
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6.3 Scientific Contributions 

Besides the findings and recommendations summarized previously, the 

following are specific contributions that can benefit the scientific community as it 

continues to research credibility assessment and decision support tools.  

1. A real-world dataset of fraudulent and nonfradulent financial 

disclosures was collected. The fraudulent group was manually 

validated using AAERs and the nonfraud group was validated as 

complying with SEC regulations. The corpus is available for future 

fraud detection work.  

2. The Cultural Interviews dataset was collected. The corpus includes 

transcripts of the interviewer’s questions and of 219 interviewees’ 

responses. The transcripts include initial responses and follow-up 

question responses. Video and audio files are also available. The 

transcribed data is in a SQL database for easy querying and in text 

files for easy processing. The interviewees are of diverse cultural 

background. Pre- and post-surveys collected demographic and 

attitudinal measures that may moderate deception.  

3. The Mock Crime dataset includes transcripts from 134 participants. 

Full transcripts, video, and audio are included. The data is stored in 

the same format as the Cultural Interviews dataset. Other 

physiological sensors were also recorded and may be fused with the 

linguistic data in future investigations.  
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4. Five new modules were created for SPLICE resulting in 24 new 

variables. The modules are disfluencies, hedging, interjections, 

question responses, and subject/condition identification. The 

subject/condition identification feature was critically lacking in the 

original SPLICE. Several scripts were created for importing SPLICE 

results into the PAWS statistical software.  

6.4 Future Research 

This research has demonstrated that hedging, disfluencies, and 

interjections are used differently by deceivers and truthtellers. It also 

demonstrated that classification algorithms can benefit from including these 

constructs in the models. Future research can contribute in the following ways.  

6.4.1 Revisit past datasets with the new constructs  

Valuable prior research has produced several useful datasets of deceptive 

and truthful communication, e.g., Mock Theft (transcripts of interviews), Desert 

Survival Problem I. and II. (dyads communicating via email), StrikeCom 

(transcripts of face-to-face dialog or teams communicating via instant 

messaging), and Enron’s 2 million emails. Reanalyzing these datasets with the 

various variables for hedging, disfluencies, and interjections can provide 

additional knowledge of how deceivers use these linguistic cues, how the medium 

of communication alters the behavioral measures, and how the new constructs 

can improve past models of deception.  
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6.4.2 Inexpensive, large sample size experiment for question effect 

The Cultural Interview experiment, Mock Crime experiment, and prior 

experiments share a major finding—the type of questions asked greatly affects the 

behavior of both deceivers and truthtellers. This effect is often large enough to 

make it difficult to distinguish deceivers from truthtellers. It may also affect them 

differently. The question effect impacts linguistic, kinesic, and vocalic credibility 

assessments. Even if a new sensor may be technically feasible for detecting 

deception, if the researcher or interviewer chooses a wrong type of question to 

ask, the deceptive behavior may be masked by the question effect and the sensor 

will be unable to detect the deception or may make an erroneous classification. 

Knowing how types of questions impact deceptive behavior is critical to 

interviewers, screeners, and researchers. Categories of questions include yes/no 

questions, memory/experiential recall questions, hypothetical questions, future 

behavior questions, moral dilemma questions, etc. Each question type potentially 

uses different cognitive resources and should impact deception leakage or 

deception strategy choices.  

To investigate the phenomena of question type effect, a large variety of 

questions needs to be used in deception study with a large sample of participants. 

The problem is that deception detection research can be very costly and time 

consuming while only investigating a few question types. The proposed research 

will use a set of 50-70 questions of various types. It will ask the questions on a 

website portal for deceivers and truthtellers to type responses. The target sample 
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size is 400-500 participants. Linguistic credibility assessments (using A99A and 

SPLICE) will be made on the participants’ responses to identify behavioral 

differences among deceivers and truthtellers moderated by question type.  

The findings will provide future deception researchers with new predictive 

models on how question type will impact their deception-detecting sensors. The 

advantages of this methodology are the following:  

1. Knowledge of how questions affect deceptive behavior 

2. Statistical significance using a large sample size 

3. Cost savings by avoiding transcription and segmentation-related 

problems 

4. Cost savings in researchers’ time and post-processing, 

5. Cost savings by avoiding expensive sensors, recording equipment 

and signal processing 

6. Quick to implement and to return results 

It is anticipated that the findings will generalize to other modalities of 

deceptive behavior or at least guide researchers in question selection for their 

experiments. Using the gained knowledge from a question type research project 

can benefit theories of deception and predictive models. 

6.4.3 Using n-gram technique for short responses 

 As discussed previously, many of the Mock Crime questions resulted in 

very short answers, typically only a few words long. Currently, linguistic 

credibility assessment is hindered by short responses. The real-world contains 
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scenarios where short responses are common. Yet, accurate assessment of 

deception and hostile intent is still needed. For example, the U.S. Customs and 

Border Patrol conducts rapid screening of vehicle traffic on interstate freeways 

entering the country. Two common questions are “What is your country of 

citizenship?” and “Are you a U.S. citizen?”  

The Mock Crime affords the opportunity to investigate responses to short 

questions for deception detection. One technique is to use a bag-of-words 

approach to classification. A bag-of-words approach uses each word in the entire 

corpus as feature vectors in classification. The n-gram approach uses word order 

as a contributor to classification. A 2-gram looks at two-word combinations. A 3-

gram looks at three-word combinations. These approaches have been 

demonstrated useful in past linguistic classification research (Wallach, 2006; 

Zhang & Lee Sun, 2003). It assumes that deceivers use different word choices 

than truthtellers. This assumption may be warranted for the Mock Crime dataset 

in which yes/no questions have a variety of word responses beyond the obvious 

“yes” or “no” words.  

6.4.4 Real-time classifier: speech recognition trained on um 

Currently, speech must first be transcribed before performing a linguistic 

credibility assessment. This limits its application. Uh and um were identified as 

being used at a greater rate by deceivers than truthtellers. Speech recognition 

software ignores uh and um because it considers them speech errors. However, 

this is the exact behavior that can distinguish deceivers from truthtellers. Future 
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research can reconfigure speech recognition software to identify uh and um. 

Then, a real-time classification of deception can be made on spontaneous speech.  

6.4.5 Investigate rate of behavior change over time by deceivers 

In past models that classify deception, it has been assumed that the rate of 

linguistic behavior is constant for deceivers and truthtellers. This is evident as the 

variables used in past models of classification are converted to ratios dividing by 

the total number of words in the case. This assumption and ratio procedure is 

present in each of the fifteen linguistic studies summarized earlier (see Appendix 

A). This procedure is convenient and a suitable alternative has not yet been 

proposed. However, Burgoon and Qin (2006) found that the behavior of 

deceivers changes over the course of an interview. They found that as the 

interview progresses, deceivers adapt their behavior and their linguistic cues 

become more like those of truthtellers. This dissertation attempts to account for 

changes over time by using a repeated measures GLM procedure with the 

Cultural Interviews question. There are more opportunities to investigate how 

behavior changes over time. One possibility is to consider each paragraph in the 

fraudulent 10-Ks a time-series sample case and to use a repeated measures GLM. 

How granular or broad a corpus should be sampled is a valuable research 

question to investigate. 
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6.4.6 Spanish version of SPLICE and A99A 

Currently, A99A and SPLICE use English dictionaries and English 

grammar rules to create the features useful in deception detection. An 

opportunity exists to extend the research and software into other languages. The 

U.S. Customs and Border Patrol has an immediate need for a Spanish version of 

SPLICE. Researchers in Spain and other Spanish-speaking countries are looking 

for ways to detect fraud in Spanish financial statements. Other languages of 

importance to science and to practical application include Middle Eastern 

languages and Asian languages. The classification features in A99A and SPLICE 

should be adapted to these languages and the user interface should be localized to 

the native user’s language.  

6.4.7 Combine linguistic with kinesic and vocalic modalities 

Linguistics, while promising, is only one modality available to identify 

deception. A model which combines kinesic cues and vocalic cues with the 

linguistic may prove beneficial.  

It is the author’s intention to pursue these lines of research. The purpose is 

to advance what we know about deceptive communication and how to 

automatically classify deception.  

6.5 Closing Remarks 

It is hoped that the knowledge gained from this dissertation can advance 

decision support software for credibility assessments, such as SPLICE, and to aid 



205 

law enforcement, rapid screeners, the military, and auditors to protect the public 

from deception and fraud. Linguistic credibility assessments show promise as a 

tool for achieving this aim.  
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APPENDIX A. FINDINGS FROM 15 STUDIES 

Table A1. Authors of Linguistic Deception Research Studies  

# Authors of Study & Dataset Year Publication 

1 Zhou, Burgoon, Nunamaker, & Twitchel 2004a GDN 

2 
Zhou, Burgoon, Twitchel, Qin, & Nunamaker 2004b JMIS 

3 Adkins, Twitchel, Burgoon, & Nunamaker 2004 ISI 

4 Zhou, Burgoon, & Twitchel 2003 ISI 

5 Burgoon, Blair, Qin, & Nunamaker 2003 ISI 

6 Qin, Burgoon, & Nunamaker 2004 HICSS 

7 Qin, Burgoon, Blair, & Nunamaker 2005 HICSS 

8 Burgoon & Qin 2006 JLSP 

9 Qin & Burgoon 2007 ISI 

10 Fuller, Biros, Adkins, Burgoon, Nunamaker, & 

Coulon: Full Sample * 

2006 ISI 

11 Fuller, Biros, Adkins, Burgoon, Nunamaker, & 

Coulon: Balanced Sample 

2006 ISI 

12 Fuller, Biros, & Wilson: Zhou/Burgoon important 

cues * 

2008 DSS 

13 Fuller, Biros, & Wilson: Comprehensive cue set 2008 DSS 

14 Fuller, Biros, & Wilson: Text-based cue constructs 2008 DSS 

15 Fuller, Biros, & Wilson: Feature Selection 2008 DSS 

Note. Fuller et al. 2006 & 2008 tested several collections of cue constructs. 
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Table A2. Findings of Linguistic Deception Research Studies 

Research Studies 

Variables 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

1st person singular 

pronouns 

- - - - x - - x - - - s s - - 

Activation score - x - - - - x T D - - s s s  

Affect ratio - x - - x x D - - D D - - - - 

Avg length of noun 

phrase 

x - - - - - - - - - - - - - - 

Avg # of clauses x - - - - - - - - - - - - - - 

Avg sentence length x x - - - - T D x - - - x - - 

Avg syllables /word - - - - x x - - x - - - - - - 

Avg word length x x - - - - T x x - - x x - - 

Avg words per 

sentence 

- - - - T T - - - - - - - - - 

Big Words - - - - x x - - - - - - - - - 

Bilogarithmic type-

token ratio 

- - - - - - - - - - - - s s - 

Causation terms - - - - - - - - - - - - - x - 

Certainty terms - - - - - - - - - - - - x x - 

Cognitive terms - - - - - - - - - - - - x - - 

Conjunctions - - - - x x - - - - - - - - - 

Content word div. T s - T - - x T T T T x x - - 

Emotiveness D x - - x x - T - - - - s - - 

Exclusive terms - - - - - - - - - - - - x - - 

Flesh-Kincaid grade 

level 

- - - - T T - - - - - - - - - 

Generalizing terms x - - T - - - - - - - - s s - 
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Table A2 (Continued). Findings of Linguistic Deception Research 

Studies 

Research Studies 

Variables 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Group ref. (1st ppp) D S - x x - - T - D D s s - - 

Imagery scaled 
- x - - - - x T D - - s s x  

Immediacy - - - - - - - - - D D - - - - 

Individual refers. - s - - - - - - - - - - - - - 

Lexical diversity T - - T - - x T x T T - s - - 

Lexicon complexity - - - - - x - - - - - - - - - 

Long sentences - - - - T T - - - - - - - - - 

Modal verb D x - x - - T x x - - - x - - 

Modifiers D s - D - - x T - D D x x - - 

Motion terms - - - - - - - - - - - - s - - 

Negative affect D - - D - - - - - - - - - - - 

Non-self reference - - - - - - - - - D D - - - - 

Noun phrase D - - D - - - - - - - - - - - 

Objectification x - - D - - - - - - - - - - - 

Other reference x - - x - - - - - D D - - - - 

Passive voice x x - x - - x x x T T - - - - 

Passive verb - - - - - - - - - - - - x - - 

Pausality T s - - - - T D - - - x x - - 

Perceptual info. x x - - - - - - - - - - - - - 

Pleasantness scaled - x - - - - x x D - - s s s  

Positive affect D - - D - - - - - - - - - - - 

Rate of adjectives & 

adverbs 

- - - - x x - - - - - - - - - 

Redundancy x x - x - - x T x D x - x - - 

Reference, all - - - - - - D - - - - - - - - 
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Table A2 (Continued). Findings of Linguistic Deception Research 

Studies 

Research Studies 

Variables 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Second person 

pronouns 

- - - - - - - D - x D x x - - 

Self reference T - - D - - - - - - - - - - - 

Sensory & RM terms - - - - - x - - - - - - - - - 

Sensory ratio - - - - - - x T - T T s s s - 

Sentence qty D - - D x x x T x D D - x x - 

Sentence complexity - - - - T T - - - - - - - - - 

Short sentences - - - - x x - - - - - - - - - 

Simple sentences - - - - x x - - - - - - - - - 

Six letter word rate - - - - - - - - - - - - - - - 

Spatial close ratio - - - - - - - - - - - - - - - 

Spatial details - - - - - - D - - - - - - - - 

Spatial far ratio - - - - - - - - - T T s x - - 

Spatio-temporal 

information 

x x - - - - D - - - - - - - - 

Syllables - - - - x x - - - - - - - - - 

Temporal details - - - - - - T - - - - - - - - 

Temporal immediate 

ratio 

- - - - - - - - - - - - - - - 

Temporal ratio - - - - - - - - - - - s s s - 

Temporal 

nonimmediate ratio 

- - - - - - - - - D D - - - - 

Tentative terms - - - - - - - - - - - - x x - 

3 syllable word rate - - - - - - - - - - - - - - - 
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Table A2 (Continued). Findings of Linguistic Deception Research 

Studies 

Research Studies 

Variables 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Third person 

pronouns - - - - - - - T - - - - x - s 

Total flagged errors - - - - - s - - - - - - - - - 

Total specificity - - - - - - - T - - - - - - - 

Typographical error 

ratio D s - D - - - - - - - - - - - 

Uncertainty x - D x - - - - - - - - - - - 

Verb qty D s - D - - x T x D D s s s - 

Vocabulary 

complexity - - - - x x - - - - - - - - - 

Word qty D - - D T T x T x D D s s s s 

Note. D means deception is greater than truthful, T means truthful is greater than deception, X 

means the cue was tested but not found significant, S means the authors report a significant cue 

but don’t specify direction, and a hyphen means the cue was not investigated for that study.  
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APPENDIX B. FRAUD GROUP 

 

Company Name with Fraud Year 

Adelphia Communications Corp 2000 

Advanced Technical Products 1998 

Akorn 2000 

American International Group 2000 

Anika Therapeutics Inc. 1998 

Applix Inc 2001 

Arabian American Development Company

 2002 

AremisSoft Corporation 2000 

Ashford.com 2000 

Aspen Technology Inc. 2000 

Atlas Air Worldwide Holdings, Inc.

 2001 

Aura Systems Inc. 1998 

Bank of America Corp 1997 

Bristol Myers Squibb Company 2001 

Brooks Automation Inc. 2000 

Buca Inc. 2000 

Cabletron Systems Inc. 2001 

California Amplifier Inc. 2000 

Candie's 1998 

Cardinal Health Inc. 2003 

Cendant (CUC International) 1997 

CMS Energy Corp 2000 

Collin & Aikman 2003 

Comverse Technology Inc 2002 

Cyberguard 1997 

DCI Telecommunications 1999 

Delphi Corporation 2000 

Detour Magazine 1997 

DHB Industries 2004 

Dollar General Corporation 2000 

Dynamic American 1995 

Endocare Inc. 2001 

Enron Corp 2000 

eSafetyWorld Inc 2001 

Federal National Mortgage Association

 2003 

First American Health Concepts Inc.

 1999 

FLIR Systems Inc 1998 

Friedman Inc. 2002 

Gemstar-TV Guide International, Inc.

 2001 

Gerber Scientific, Inc. 2000 
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Halliburton 1998 

HPSC 2000 

Huntington Bancshares 2001 

i2 Technologies Inc. 2001 

Informix Corporation 1996 

Ingles Market Inc. 2003 

Integrated Silicon Solution Inc. 2001 

Intervoice Inc. 2001 

Just For Feet 1999 

Lantronix Inc. 2001 

Laser Technology Inc. 1996 

Lucent Technologies Inc. 2000 

Lumenis Ltd. 2001 

MCA Financial Corporation 1998 

McAfee Inc. 1998 

MCSi Inc. 2001 

Metlife 2003 

Microtune Inc. 2001 

Monster Worldwide Inc. 2001 

Netopia, Inc. 2003 

Nicor, Inc. 2001 

Nortel Networks Corp 2000 

OM Group, Inc. 2002 

One Price Clothing Store, Inc 2003 

Pegasus Satellite Communications, Inc

 2001 

Peritus Software 1997 

Physician Computer Network, Inc.

 1996 

PictureTel Corp 1996 

Powerlinx, Inc 2000 

Quadramed Corporation 1999 

Quovadx, Inc 2003 

Qwest Communications International, Inc.

 2001 

RenaissanceRe Holdings Ltd 2003 

Rite Aid Corporation 1999 

Roadhouse Grill, Inc 2000 

Robotic Vision Systems, Inc. 2000 

Sabratek 1998 

SafeNet, Inc. 2000 

SAKS Inc 2004 

Sipex Corporation 2003 

Sourcecorp, Inc & Image Entry, Inc

 2003 

Speechworks International, Inc. 2001 

Spiegel, Inc 2001 

StarMedia Network, Inc 2000 

Sun Communities, Inc. 2001 

Sunbeam Corporation 1997 

Suprema Specialties, Inc 2001 

Take Two Interactive Company 2001 

TALX Corporation 2003 
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Teltran international Group, LTD.

 1999 

Tenet Healthcare Corporation 2002 

The Children's Internet, Inc 2004 

Tidewater, Inc. 2003 

Tyco International Ltd. 1997 

UCAP, Inc. 2002 

USA Detergents, Inc. 1996 

Vari L Company, Inc. 1999 

Veritas Software Corporation 2000 

Warnaco Group, Inc. 1998 

WorldCom, Inc. 2001 

WRC Media, Inc. 2002
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APPENDIX C. NONFRAUD GROUP 

 

Company Name Year of 10-K  

24 Hour Auction Inc 2001 

2themart Com Inc 1999 

3 Dimensional Pharmaceuticals Inc

 2000 

3com Corp 2001 

99 Cents Only Store 2000 

Aames Financial Corp 2000 

ADC Telecommunications 1996 

Adino Energy Corp 1998 

Airlease Ltd 1998 

Airnet Communications Corp 2000 

Aladdin Systems Holdings Inc 2003 

Albion Aviation Inc 2002 

Alexander International Inc 2003 

Alexanders J Corp 2000 

Allbritton Communications Co 2001 

Allcity Insurance Co 2000 

Allete 2000 

American Hospital Management Corp

 2002 

American International Petroleum Corp

 2000 

Apcoa Inc 1998 

Astea International Inc 2001 

Atlantic Realty Trust 2001 

Blue Fish Clothing Inc 1997 

Blue Wave Systems Inc 1998 

Broadwind Now Cincinnati Bell Inc

 1999 

Cdw Computer Centers Inc 2000 

Century Controls Inc 2004 

Chordiant Software Inc 2001 

Circon Corp 1997 

Citizens Utilities Co 1998 

Clark Inc 2003 

Cognos Inc 2002 

Communications Research Inc 2004 

Communications Systems Inc 2000 

Compudyne Corp 1998 

Comtex Scientific Corp 1997 

Data Translation Inc 2001 

Digital Descriptor Systems Inc 2002 

Drug Guild Distributors Inc 2004 

Edelbrock Corp 2000 

Eis International Inc 1998 

Evolving Systems Inc 1999 

Exide Corp 1998 
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Federal Agricultural Mortgage Corp

 2003 

First Albany Companies Inc 1999 

Footstar Inc 2001 

Franklin Capital Corp 2003 

Fsi International Inc 2000 

Fullnet Communications Inc 2000 

G G Retail Inc 2003 

General Media Inc 1997 

General Semiconductor Inc 2000 

Glenborough Realty Trust Inc 2001 

Golden Books Family Entertainment Inc

 2000 

Great Plains Software Inc 1999 

Ibs Interactive Inc 1998 

Integrated Circuit Systems Inc 2001 

Interferon Sciences Research P. Ltd

 2000 

Intrusion Inc 2002 

Isco Inc 2000 

Katy Industries Inc 2001 

Laclede Group Inc 2001 

Lasalle Re Holdings Ltd 2002 

Liberty Bancorp Inc 1998 

Lucille Farms Inc 2002 

Manchester Technologies Inc 2003 

Marine Shuttle Operations Inc 1998 

Mastech Corp 1997 

May Department Stores Co 2003 

Metaldyne Corp 2002 

Mexican Restaurants Inc 2000 

Mim Corp 1998 

Moro Corp 2003 

Norstar Group Inc 2002 

Nutritional Sourcing Corp 2003 

Orbit Technologies Inc 1998 

Ose Usa Inc 2001 

Pacific Bell 1998 

Patterson Dental Co 2001 

Phoenix Gold International Inc 2000 

Platinum Software Corp 1998 

Primedia Inc 1997 

Rehabilicare Inc 2000 

Republic Corp 2000 

Rocky Shoes & Boots Inc 1998 

Samuels Jewelers Inc 2002 

Sepragen Corp 1996 

Stelax Industries Ltd 2001 

Surrey Inc 1997 

Telecommunication Products Inc

 2001 

Telephone Communications 1998 

Titanium Metals Corp 2002 

Trailer Bridge Inc 2003 
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Transax International Ltd 2004 

United Textiles And Toys Inc 2000 

Watchguard Technologies Inc 2000 

Westpoint Stevens Inc 1997 

Wireless One Inc 1999 

Wireless Webconnect Inc 2002 

World Airways Inc 2001 

Zero Corp 1998 
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APPENDIX D. TRANSCRIPTION GUIDE 

General Instructions 

Transcribers must produce a verbatim (word-for-word) transcript of 

everything that is said within the file. Please do not correct grammar. However, 

always use correct spelling of words. PLEASE SPELL-CHECK the submission. A 

preferred process is to type the transcription into Microsoft Word and then cut 

and paste the spell-checked version into the web site. Ignore laughs and titters 

(i.e., do NOT code "Ha", "Ha, Ha", "giggle", etc.). If a word is truly unintelligible 

(this should be rare, make every effort to understand the word) then code it as 

"[garbled]". Finally, code partial words phonetically (e.g. I wou didn't say that). 

Transcription Conventions 

Capitalization 

Capitalization in our transcripts is used to aid human comprehension of 

the text. You should follow accepted standard written capitalization patterns, and 

capitalize words at the beginning of a sentence, proper names, and so on. 

Orthography and Spelling 

Transcribers should use standard orthography, word segmentation and 

word spelling. All transcriptions must be spell-checked after transcription is 

complete. When in doubt about the spelling of a word or name, transcribers 

should consult a standard reference, like an online or paper dictionary, world 

atlas or news website. 
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Punctuation 

Transcribers should use standard punctuation for ease of transcription 

and reading. Acceptable punctuation is limited to periods and question marks at 

the end of a sentence, and commas within a sentence. Write the punctuation as 

you normally would in standard written English (with no additional spaces 

around the punctuation marks). If there is an exceptionally long pause, code it as 

a period and start a new sentence. If it is a standard pause, code it as a comma 

that is grammatically correct. 

DO NOT use quotation marks, exclamation marks, colons, semicolons, 

dashes or ellipses in transcribing. If you encounter these symbols in an existing 

transcript, you must remove them. 

Abbreviations 

Avoid word abbreviations whenever possible; instead, spell out the word in 

full. When abbreviations are used as part of a personal title, they can remain as 

abbreviations. The following examples are correct: 

    * Mr. Brown 

    * Mrs. Jones 

    * Dr. Spock 

However, when they are used in any other context, write them out in full. 

For example: 

    * I went to the junior league game. 

    * I went to the doctor, and all he said was, don't worry, it's natural. 
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    * Hey mister, do you know how to get to the stadium? 

Similarly, acronyms should be spelled in all capitals with no periods. The 

following examples are correct: 

    * DMV 

    * NSA 

    * UA 

    * OU 

Hyphenated Words and Compounds 

In general, be conservative about use of hyphens. For instance: 

    * an overly complicated analysis, not an overly-complicated analysis 

However, in some cases, a hyphen is required: 

    * anti-nuclear protests not anti nuclear protests 

Compounds can be tricky. When in doubt, consult a dictionary. 

Numbers 

Write out all numerals as words. Hyphenate numbers between twenty-one 

and ninety-nine only. 

    * twenty-two 

    * nineteen ninety-five 

    * seven thousand two hundred seventy-five 

    * nineteen oh nine 

Contractions and Apostrophes 
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Limit your use of contractions to those that exist in standard written 

English, and only when a contraction is actually produced by the speaker. Take 

care to transcribe exactly what the speaker says. The following are some examples 

of how to transcribe common contractions. 

 

Complete Form  Spoken As  Transcribed As  Incorrect 

I have   I've  I've 

cannot  can't  can't  

will not  won't  won't  

you have  you've  you've  

could not  couldn't couldn't  

should have  should've should've  should of, shoulda 

it is   it's  it's  

Marvin (possessive) Marvin's Marvin's  

Marvin is  Marvin's Marvin's  

Marvin has  Marvin's Marvin's  

going to  gonna  going to  gonna 

want to  wanna  want to  wanna 

got to   gotta  got to   gotta 

cause   cuz  cause   cuz 
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Note: Avoid the common mistakes of transposing possessive its for 

contraction it's (it is); possessive your for the contraction you're (you are); and 

their (possessive), they're (they are) and there. 

Transcribe exactly what you hear. If a speaker uses a contraction, 

transcribe the word as contracted: they're, won't, isn't, don't and so on. 

If the speaker uses a complete form, transcribe what you hear: they are, is not, 

and so on. 

For non-standard contractions like "gonna" and "wanna" spell out the 

entire word: going to, want to 

Filled Pauses/Hesitation Sound 

Filled pauses are non-words that speakers use to indicate hesitation or to 

maintain control of a conversation while thinking of what to say next. Use the 

standardized spellings shown below for filled pauses: 

    * ah 

    * eh 

    * er 

    * uh 

    * um 

If someone clucks their tongue, chatters, etc. while thinking, then code this 

as "ttt". 
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Interjections 

Please use these standardized spellings for interjections:

    * ew 

    * ha 

    * huh 

    * hm 

    * huh 

    * jeez 

    * mhm 

    * oh 

    * okay 

    * ooh 

    * uh-huh 

    * uh-oh 

    * whoa 

    * whew 

    * yeah 

    * mm - meaning "no" 

 

Interviewer Follow-up Questions 

Enclose interviewer follow-up questions in text with “<” and “>” 

characters. The initial question that is scripted and consistent across all 

interviews and does not need to be transcribed, e.g., “What is the worst job you 

ever had and why did you dislike it?”. 

Example: 

    * <How long did you live in Turkey?> I have lived there since I was a child. 

<Where did you live after Turkey?> Um, well my dad was in the Air Force so we 

traveled a lot, so, I guess we the next base was in Italy. 
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APPENDIX E. TRANSCRIPTION PROCESS 

Twenty four questions and responses from the Mock Crime interviews were 

transcribed including all follow-up questions and responses. The transcriptions 

started with question 1, “What is the color of the walls in this room?” and ended 

with question 24, “How do you think this credibility assessment of you will turn 

out today?” The exact process is described in this appendix. LAITranscriptions, 

INC., a Phoenix-based transcription company completed the transcriptions with 

the aid of transcription guidelines for the project. Transcribed documents were 

transmitting back to the University of Arizona team in the following format: 

Interviewer:  Thank you. Very much. And what color are the walls in this room? 

Interviewee:  Greyish color? 

Interviewer:  Greyish. Okay. Very good. And are there any lights on in this room? 

Interviewee:  Yes. 

Interviewer:  Very good. Where were you born? 

Interviewee:  North Carolina. 

The transcripts were then segmented by question by University of Arizona 

Ph.D. students: 

Interviewer:  Q1 Thank you. Very much. And what color are the walls in this room? 

Interviewee:  Greyish color? 

Interviewer:  Q2 Greyish. Okay. Very good. And are there any lights on in this room? 

Interviewee:  Yes. 

Interviewer:  Q3 Very good. Where were you born? 

Interviewee:    North Carolina. 
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Sometimes the Interviewer question was asked over several lines . In order to 

capture this, the transcript was tagged in the following manner: 

Interviewer:  Q10 Okay. All right. Now what I’d like you to do is describe the detail. 

Interviewee:  Uh‐huh. 

Interviewer:  Q10a All right. Everything you did, saw, and experienced from the time 
you left the Esquire Building... 

Interviewee:  Okay. 

Interviewer:  Q10b ...to the time you got here, down to room one oh nine. 

Interviewee:  Okay. 

After the transcripts were segmented, a VB script was written to 

automatically convert Microsoft Word files to plain text files. A Python script was 

then written (see Appendix E) to automatically parse the files and put them into 

CSV format. In CSV format, the data can easily be opened in Microsoft Excel, 

Access, and other software packages.  

Once the interviews were transcribed and segmented into questions, they 

were imported into MS Access, later to be archived in MS SQL Server. The 

transcription of the interviews included several artifacts that had to be removed 

prior to analysis. As anticipated, the transcriptionists occasionally added codes 

not provided for by the transcription guide or applied them inconsistently. While 

this was rare, it necessitated the cleaning of the transcripts before analysis. The 

visual basic code and SQL statements used to automate the cleaning is found in 

the appendices and provides more detail description of the process.  

Some artifacts include the following and are exact examples from the 

transcriptions:  
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1. Remove parenthesis and the word in between. Examples include these.  
(laughing) 
(laughter) 
(laugh) 
(cough) 
[garbled] 
[talk over] 
[Laughter] 
[Laugh] 
[Laughter} 
[Laughing] 
[laughing] 
[Sigh] 
[Laugh] 
[ph] 
[garbled" 
[Talk over} 
[inaudible] 

 

2. Correct the use of underscore or three periods for cross talk or inaudible 
words 

“ because I saw the ad in the ____ catalog” 

“for not ___ ________ (Crosstalk)” 

“Interviewee: and read some books . . . Interviewer: mhm.” 

3. Inconsistent transcription of numbers. i.e. “Room one-oh-nine” and some 
transcribed as “109, 202, 204, 429” and some as “one hundred nine.” 

4. Ensure that the speaker's delimiters have colons after Interviewer or 
Interviewee. 

5. Hard line breaks and invisible tab characters were removed from the 
transcripts. 

6. Remove QuestionID from in body of text. 
7. Other unidentified, non-text characters were removed. 
8. The responses were trimmed of extraneous spaces using the Visual Basic 

trim function. 
9. The time stamp was removed from the transcripts, usually located after 

the last question but not always. 
10. Replace misused hyphens with space. Hyphens were used to indicate an 

end of a grammatically incorrect sentence or run-on sentence.  
11. Replace “uh huh” with “uh-huh” so as not to count as two dysfluencies 

instead of one affirmation. 
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12. Digit numbers were replaced with spelled out words using the following 
Visual Basic functions.  

Replace([response],"429","four twenty-nine") 

Replace([response],"109","four zero nine") 

Replace([response],"202","two zero two") 

Replace([response],"204","two zero four") 

13. Finally, remove the interviewer dialog and only display the interviewee 
dialog.  

 

To parse the interview using A99A, the following steps were conducted 

after the cleaning of the transcripts.  

 

1. Each participant’s response to a question was exported from MS Access to 
a separate text file in comma separated file format.  

2. The responses where organized by guilty and innocent. 
3. In batch, A99A analyzed the guilty and innocent files per question creating 

ARFF files for each question.  
4. The process was repeated for SPLICE. 
5. The A99A output was added to the SPLICE output and consolidated into 

one file. 
6. The ARFF files were converted into CSV files. 
7. The CSV files were imported into PASW statistical package and into 

WEKA classification software respectively.  
8. Results were generated and reported.  

 

The following is a list of Visual Basic code, Python code, and SQL statements 

to effect a cleanup of the transcripts prior to the linguistic analysis of the 

transcripts. These items not only provide future researchers with the code to 

clean transcripts but also documents the problems that occurred during the 

transcription process and procedures to correct it.  
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Python Script for Cleaning and Managing Transcripts 
 
import csv, os, re 
 
MCTranscriptDir = r'c:\vbscript\MCtextfiles' 
MCTranscripts =os.listdir(MCTranscriptDir) 
 
def createCSV(): 
 
    writer = csv.writer(open(r'c:\python26\MockCrime.csv',"wb")) 
#create CSV file 
    writer.writerow(["SubNum","QNum","Response"]) 
     
    for MCtranscript in MCTranscripts: 
     
        transcript = open(MCTranscriptDir + "\\" + MCtranscript).read() 
#read in one transcript 
        subjnum = re.search(r'\d\d\d', MCtranscript) #find subjnum in 
transcript filename         
        questions = 
re.findall(r'(Interviewer:\s+Q\d+.*?)(?=Interviewer:\s+Q\d+|$\d|$\]|$\s
)', transcript, re.DOTALL) #create a list of questions and responses 
  
        questionlist = [] #instantiate and reset question list 
        for i in questions: 
            questionlist = [] 
            questionlist.append(subjnum.group(0)) #subject number 
            questionlist.append(re.search(r'Q\d+',i).group(0)) 
#question number 
            questionlist.append(i) #question content 
            writer.writerow(questionlist) 
        
#End Python Script 
 
Visual Basic Code  
 
Function  ExportTranscripts () 
Dim fso, folder, files, NewsFile,sFolder 
Set fso = CreateObject("Scripting.FileSystemObject") 
 
sFolder = "C:\Users\K\Documents\Research\Research\Completed MC 
Transcripts\Segmented MC Transcripts\AllSegmentedParts" 
Set folder = fso.GetFolder(sFolder) 
Set files = folder.Files 
 
Dim i 
i = 0 
 
Const wdFormatText = 2 
Set objWord = CreateObject("Word.Application") 
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For each folderIdx In files 
 
i = i + 1 
 
Set objDoc = objWord.Documents.Open(fso.GetAbsolutePathName(folderIdx)) 
objDoc.SaveAs "c:\vbscript\MCtextfiles\"& folderIdx.Name & ".txt", 
wdFormatText 
 
Next 
 
objWord.Quit 
 
End Function  
 
 
 
 
 
Public Function replaceStrangeChar(strValue As String, strReplaceWith 
As String) As String 
‘removes non-normal characters 
    Dim xLength As Integer 
    xLength = Len(strValue) 
    Dim v As String, strNewValue As String 
    Dim x As Integer 
        x = 1 
        Do Until x > xLength 
            v = Mid(strValue, x, 1) 
            If AscW(v) <= 31 Or AscW(v) >= 128 Then 
                v = strReplaceWith 
            End If 
            strNewValue = strNewValue & v 
            Debug.Print strNewValue 
            x = x + 1 
        Loop 
End Function 
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Public Function replace9And10Char(ByVal strValue As String) As String 
'used in an update query to replace linebreaks and tab characters 
    strValue = Replace(strValue, Chr(9), " ") 
    strValue = Replace(strValue, Chr(10), " ") 
    replace9And10Char = strValue 
End Function 
 
 
Public Function removeStuff(ByVal strA As String) As String 
    Dim Match, Matches    ' Create variables. 
    Dim x As Integer 
     
    If re Is Nothing Then 
        Set re = New RegExp 
    End If 
 
'Remove multiple periods in a row 
   re.Pattern = "\.{2,}"  'find more than sequencial one period 
   re.IgnoreCase = True   ' Set case insensitivity. 
   re.Global = True   ' Set global applicability, i.e. Find all 
occurances not just the first 
   're.MultiLine = True 
   strA = re.Replace(strA, ".") 
    
'Remove any underscore  (found 20 instances in MC data) 
   re.Pattern = "_+"  'find any underscores 
   re.IgnoreCase = True   ' Set case insensitivity. 
   re.Global = True   ' Set global applicability. 
   're.MultiLine = True 
   strA = re.Replace(strA, "") 
    
 
    
'Remove paranthesis and the word in between 
   re.Pattern = "\(laugh[a-z]*\)|\(ha\)||\(cough\)|\(crosstalk\)"  
'find parenthesis with one word inbetween, careful not to be too 
greeding in what it matches 
   re.IgnoreCase = True   ' Set case insensitivity. 
   re.Global = True   ' Set global applicability. 
   're.MultiLine = True 
   strA = re.Replace(strA, "") 
   removeStuff = Trim(strA) 
    
'Remove square bracket words 
   re.Pattern = "\[laugh[a-z]*\]|\[ph\]||\[sign\]|\[talk 
over\]|\[inaudible\]"  'find parenthesis with one word inbetween, 
careful not to be too greeding in what it matches 
   re.IgnoreCase = True   ' Set case insensitivity. 
   re.Global = True   ' Set global applicability. 
   're.MultiLine = True 
   strA = re.Replace(strA, "") 
   removeStuff = Trim(strA) 
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'Remove timestamp 
   re.Pattern = "\[\d\d:\d\d:\d\d\]"  'find parenthesis with one word 
inbetween, careful not to be too greeding in what it matches 
   re.IgnoreCase = True   ' Set case insensitivity. 
   re.Global = True   ' Set global applicability. 
   're.MultiLine = True 
   strA = re.Replace(strA, "") 
   
 'Remove QuestionID from in body of text 
   re.Pattern = "Q\d+[a-z]*"  'find question id, ie. Q1,  Q12, Q8a, 
Q8b, 
   re.IgnoreCase = True   ' Set case insensitivity. 
   re.Global = True   ' Set global applicability. 
   're.MultiLine = True 
   strA = re.Replace(strA, "") 
    
'Remove repeating spaces 
   re.Pattern = " {2,}"  'find more than sequencial one space 
   re.IgnoreCase = True   ' Set case insensitivity. 
   re.Global = True   ' Set global applicability. 
   're.MultiLine = True 
   strA = re.Replace(strA, " ") 
    
   removeStuff = Trim(strA) 
   
End Function 
 
 
Public Function removeGarbled(ByVal strA As String) As String 
Dim Match, Matches    ' Create variables. 
    Dim x As Integer 
     
    If re Is Nothing Then 
        Set re = New RegExp 
    End If 
'[inaudible] 
' [Over talk] 
 
'Remove garbleds 
   re.Pattern = "\[garbled*\]|\[talk\]|\[talked\]|\[talking\]|\[talk 
over\]|\[talks over\]"  'find garble or garbled or variation of talking 
   re.IgnoreCase = True   ' Set case insensitivity. 
   re.Global = True   ' Set global applicability, i.e. Find all 
occurances not just the first 
   're.MultiLine = True 
   strA = re.Replace(strA, " ") 
    
'Remove multiple spaces in squence 
   re.Pattern = "\.( \.)+"  'find garble or garbled or variation of 
talking 
   re.IgnoreCase = True   ' Set case insensitivity. 
   re.Global = True   ' Set global applicability, i.e. Find all 
occurances not just the first 
   're.MultiLine = True 
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   strA = re.Replace(strA, ". ") 
    
'Remove repeating spaces 
   re.Pattern = " {2,}"  'find more than sequencial one space 
   re.IgnoreCase = True   ' Set case insensitivity. 
   re.Global = True   ' Set global applicability. 
   're.MultiLine = True 
   strA = re.Replace(strA, " ") 
    
   removeGarbled = Trim(strA) 
    
End Function 
     
 
Public Function hasAnyBracket(ByVal strA As String) As Boolean 
 
   ' counts words. Separates contractions into two words, e.g.  I'll 
becomes two words I and 'll 
    
   Dim Match   ' Create variables. 
   Dim retstr As String 
    Dim x As Integer 
     
    If re Is Nothing Then 
        Set re = New RegExp 
    End If 
 
   re.Pattern = "[\[\]\{\}\(\)]"     'Matches repeated 
   re.IgnoreCase = True   ' Set case insensitivity. 
   re.Global = True   ' Set global applicability. 
    
   Set Match = re.Execute(strA)   ' Execute search. 
 
 
    If Match.count > 0 Then 
        hasAnyBracket = True 
    Else 
        hasAnyBracket = False 
    End If 
End Function 
 
 
Public Function missingIntervieweeDelimiter(ByVal strA As String) As 
Boolean 
 
   ‘Ensures that the speaker's delimiters have colons after Interviewer 
or Interviewee 
    
   Dim Match   ' Create variables. 
   Dim retstr As String 
    Dim x As Integer 
     
    If re Is Nothing Then 
        Set re = New RegExp 
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    End If 
 
   re.Pattern = "Interviewee[^:]"     'Matches 
   re.IgnoreCase = True   ' Set case insensitivity. 
   re.Global = True   ' Set global applicability. 
    
   missingIntervieweeDelimiter = re.test(strA) 
End Function 
 
 
Public Function missingInterviewerDelimiter(ByVal strA As String) As 
Boolean 
 
   ' ensures that the speaker's delimiters have colons after 
Interviewer or Interviewee 
    
   Dim Match   ' Create variables. 
   Dim retstr As String 
    Dim x As Integer 
     
    If re Is Nothing Then 
        Set re = New RegExp 
    End If 
 
   re.Pattern = "Interviewer[^:]"     'Matches 
   re.IgnoreCase = True   ' Set case insensitivity. 
   re.Global = True   ' Set global applicability. 
    
   missingInterviewerDelimiter = re.test(strA) 
 
End Function 
 
 
 
Public Function showIntervieweeDialog(ByVal strB As String) As String 
    'The code returns only the dialog for the interviewee concatenated 
into one string. ‘Needed to exclude the interviewer's dialog and the 
delimiters ("Interviewee:" and "Interviewer:") 
    'Assume the delimiter between turn taking dialog is either 
"Interviewer:" or "Interviewee:" 
    Dim Match, Matches     ' Create variables. 
    Dim strA As String 
     
    'strA = "Interviewer: Very good. Where were you born? Interviewee: 
North Carolina. Interviewer: Really? Interviewee: Yeah. Interviewer: 
What what city or town, or Interviewee: Moorehead City, right by Cherry 
Point. Interviewer: Okay. I'm here from South Carolina, so. 
Interviewee: Wow Interviewer: You're a long way from home. Interviewee: 
Yeah." 
    'strB = " Interviewer: Very good. Where were you born? Interviewee: 
North Carolina. Interviewer: Really? Interviewee: Yeah. Interviewer: 
What what city or town, or Interviewee: Moorehead City, right by Cherry 
Point. Interviewer: Okay. I'm here from South Carolina, so. 
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Interviewee: Wow Interviewer: You're a long way from home. Interviewee: 
Yeah. Interviewer: Let's move on to the next question" 
    'The final answer for strA and strB should = "North Carolina. Yeah. 
Moorehead City, right by Cherry Point. Wow Yeah." 
 
    If re Is Nothing Then 
        Set re = New RegExp 
    End If 
 
'remove between Interviewer: and Interviewee 
   re.Pattern = "Interviewer:(.+?)Interviewee:"  'Fix this regular 
expression patter please 
   re.IgnoreCase = True   ' Set case insensitivity. 
   re.Global = True   ' Set global applicability. 
    
   strB = re.Replace(strB, "") 
 
'remove the last Interviewer: if it exists 
   re.Pattern = "Interviewer:(.+?)$" 
   strB = re.Replace(strB, "") 
    
'Remove repeating spaces 
   re.Pattern = " {2,}"  'find more than sequencial one space 
   strB = re.Replace(strB, " ") 
 
   showIntervieweeDialog = Trim(strB) 
 
End Function 
 
SQL Statements  
 
The following are SQL statements used in the clean up process.  
 
 
Find missing interviewee delimiters 
SELECT MockCrimeTranscripts.ResponseNoBreaks, 
missingIntervieweeDelimiter([ResponseNoBreaks]) AS Expr1 
FROM MockCrimeTranscripts 
WHERE (((missingIntervieweeDelimiter([ResponseNoBreaks]))=True)); 
 
Find Missing Interviewer delimiters, some are missing legitimately. 
Manual review ensued. 
SELECT MockCrimeTranscripts.ResponseNoBreaks, 
missingInterviewerDelimiter([ResponseNoBreaks]) AS Expr1 
FROM MockCrimeTranscripts 
WHERE (((missingInterviewerDelimiter([ResponseNoBreaks]))=True)); 
  
Search for records that have  brackets 
SELECT MockCrimeTranscripts.ResponseNoBreaks, 
hasAnyBracket([responsenobreaks]) AS Expr1 
FROM MockCrimeTranscripts 
WHERE (((hasAnyBracket([responsenobreaks]))=True)); 
 



235 

 

 

Show only Interviewee dialog 
SELECT MockCrimeTranscripts.QuestionNumber, [Subject 
Condition].Condition, MockCrimeTranscripts.SubjectNumber, 
showIntervieweeDialog([ResponseNoBreaks]) AS IntervieweeDialogOnly 
FROM MockCrimeTranscripts INNER JOIN [Subject Condition] ON 
MockCrimeTranscripts.SubjectNumber = [Subject Condition].SubjectID 
WHERE (((MockCrimeTranscripts.QuestionNumber)>0)) 
ORDER BY MockCrimeTranscripts.QuestionNumber, [Subject 
Condition].Condition, MockCrimeTranscripts.SubjectNumber; 
 
Update add space after Interviewee_colon 
UPDATE MockCrimeTranscripts SET MockCrimeTranscripts.ResponseLonger = 
Trim(Replace([responseLonger],"Interviewee:"," Interviewee: ")); 
 
Update add space after Interviewer_colon 
UPDATE MockCrimeTranscripts SET MockCrimeTranscripts.ResponseLonger = 
Trim(Replace([responseLonger],"Interviewer:"," Interviewer: ")); 
 
Update various characters and non-text words 
Update clean using removeStuff regular expression code 
UPDATE MockCrimeTranscripts SET MockCrimeTranscripts.ResponseNoBreaks = 
removeStuff([ResponseNoBreaks]); 
 
 
Update remove linebreaks and tabs 
UPDATE MockCrimeTranscripts SET MockCrimeTranscripts.ResponseNoBreaks = 
replace9and10char([responselonger]); 
 
 
Update remove Garbled 
UPDATE MockCrimeTranscripts SET MockCrimeTranscripts.ResponseNoBreaks = 
removeGarbled([ResponseNoBreaks]); 
 
 
Update replace missused hyphens 
UPDATE MockCrimeTranscripts SET MockCrimeTranscripts.ResponseNoBreaks = 
Replace([ResponseNoBreaks]," - "," ") 
WHERE (((MockCrimeTranscripts.ResponseNoBreaks) Like "* - *")); 
 
Update replace uh huh with uh-huh 
UPDATE MockCrimeTranscripts SET MockCrimeTranscripts.ResponseLonger = 
Replace([responseLonger],"uh huh","Uh-huh"); 
 
 
Update room numbers to spelled words. This update query was ran 
multiple times changing the room numbers referenced in the mock crime.  
UPDATE MockCrimeTranscripts SET MockCrimeTranscripts.ResponseNoBreaks = 
Replace([responsenobreaks],"204","two zero four") 
WHERE (((MockCrimeTranscripts.ResponseNoBreaks) Like "*204*")); 
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APPENDIX F. SPLICE VARIABLES 

Table F1. Definition of SPLICE Variables 

Variable Definition 

Activation Activation score ratio to total number of words in the response. 

Uses Whissell dictionary.  

AvgSentenceLength Average number of words in all sentences. 

AvgSyllablesWord Average number of syllables in all words. 

AvgWordLen Average number of characters in all words. 

Disfluencies* Ratio of disfluencies. Count of um, uh, er, eh, ah, ttt, and 

repeated phrases divided by the total number of words. 

ErEhAhTtt* Count of er, eh, ah, and ttt divided by the total number of 

words. 

HedgeAdjectives* Ratio of hedging adjectives to total number of words. 

HedgeAdverbs* Ratio of hedging adverbs to total number of words. 

HedgeAll* Ratio of all hedging devices to total number of words. 

HedgeConjunctions* Ratio of hedging conjunctions to total number of words. 

HedgeModal* Ratio of hedging modal verbs to total number of words. 

HedgeVerb* Ratio of hedging lexical verbs to total number of words. 

Imagery Imagery score ratio to total number of words in a response. 

Uses Whissell dictionary. 

I_Mean* Ratio of I mean to total number of words. 

Interjections* Ratio of interjections. Count of all interjections divided by the 

total number of words.  

InterjOthers* Other interjections ratio to total number of words: ew, ha, huh, 

hm, hmm, huh, jeez, mhm, uh-huh, uh-oh, whoa, whew, 

phew, mm, mmm, wow, alright, gosh, ah-hum, mm-hm, 

and mm-hmm. 

Like* Ratio of like to total number of words 

Note. * new variables to SPLICE created by the author for this dissertation. 
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Table F1 (Continued). Definition of SPLICE Variables 

Variable Definition 

NonhedgeModal Ratio of non-hedging modal verbs to total number of words. 

NumChars Count of all characters in the document. 

NumSyllables Count of all syllables in the document. 

NumWordChars Count of alpha-characters in the document. 

NumWords Total count of words. 

NumWords>=3Syllables Count of words with 3 or more syllables 

Oh* Ratio of oh to total number of words. 

Okay* Ratio of ok or okay to total number of words. 

Positivity Positivity score ratio to total number of words in a response 

QuestionCount* Count of question marks. 

QuestionRatio* Count of question marks divided by the number of words. 

RepeatPhrasesCount* Count of repeated phrases. 

RepeatPhrasesRatio* Count of repeated phrases divided by the total number of 

words. 

Uh* Ratio of uh to total number of words. 

Um* Ratio of um to total number of words. 

UmUh* Ratio of uh and um to total number of words. 

Well* Ratio of well to total number of words. 

WhissellActivation Activation score ratio to number of words in the Whissell 

dictionary, i.e., average score 

WhissellNegativity Negativity score ratio to number of words in the Whissell 

dictionary, i.e., average score 

WhissellPositivity Positivity score ratio to number of words in the Whissell 

dictionary, i.e., average score 

Yeah* Yeah ratio to total number of words. 

YouKnow* You know ratio to total number of words. 

Note. * new variables to SPLICE created by the author for this dissertation.  
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APPENDIX G. FEATURE REDUCTION  

Table G1. Variables Selected in Feature Reduction 

Cultural Interview  
Questions 

MC 
Questions 

Variables 1 2 3 4 5 6 7 8 9 10 11 12 9 10 15 

Activation x x x x x x x x x x 
Affect_Ratio 
Avg.WordLength (A99) x x x x x x x x x 
AvgSentenceLength x x x x x x x x x 
AvgSyllablesWord x x x x x x x 
AvgWordLen (SPLICE) x x x x x x x 
Content_Word_Div. x x x x x x x x 
Disfluencies x x x x x x x x x 
Emotiveness x x x x x x 
ErEhAhTtt x x x x x x x x x 
Group_References x x x x x x x x 
HedgeAdjectives x x x x x x x x x x x 
HedgeAdverbs x x x x x x x x x x x x 
HedgeAll x x x x x x x x x x x 
HedgeConjunctions x x x x x x x 
HedgeModal x x x x x x x x x 
HedgeVerb x x x x x x x x x x 
Imagery x x x x x x x x x 
I_Mean x x x x x x x x x 
Interjections x x x x x x x x x x x x x 
InterjOthers x x x x x x x x x x x x x 
Lexical_Diversity x x x x x x x x x x x 
Like x x x x x x x x x x x x x 
Modal_Verb_Ratio x x x x x x x x x 
Modifier_Quantity x x x x x x x x x x x 
NonhedgeModal x x x x x x x x 
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Table G1 (Continued). Variables Selected in Feature Reduction 

Cultural Interview  
Questions 

MC 
Questions 

Variables 1 2 3 4 5 6 7 8 9 10 11 12 9 10 15 

NumChars x x x x x x x x x 
NumSyllables x x x x x 
NumWordChars x x x x x x x x x x x 
NumWords>=3Syllab. x x x x x x x x 
Oh x x x x x x x x x x x x x 
Okay x x x x x x x x x x 
Other_References x x x x x x x x 
Passive_Verb_Ratio x x x x x x x 
Pausality x x x x x x x x 
Pleasantness x x x x x x x x x x 
Positivity x x x x x x x 
QuestionCount x x x x x x x x x 
QuestionRatio x x x x x x x x x x 
Redundancy x x x x x x x x x 
RepeatPhrasesCount x x x x x x x x x x 
RepeatPhrasesRatio x x x x x x x x 
Self_References x x x x x x x x x x x x 
Sentence_Quantity x x x x x x x x x x x 
Uh x x x x x x 
Um x 
Verb_Quantity x x x x x x 
Well x x x x x x x x x x x x x x 
Whissellactivation x x x x x x x x x 
Whissellnegativity x x x x x x x 
Whissellpositivity x x x x x x x x x x x 
Word_Quantity x x x x x x x x x x x 
Yeah x x x x x x x x x x 
You_References x x x x x x x 
YouKnow x x x x x x x x x 
Note. Question 15 used a forward Wald stepwise. Number of words, UmUh, temporal 
immediacy/nonimmediacy, spatial-close, special far, and sensory ratio were not selected for any 
model. 
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