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Communication Environments  

 

Carson Jo Sandy, PhD 
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Supervisor: Samuel D. Gosling 

 
 With the propagation of individuals’ presence in various online environments 

from social networks (e.g., Facebook, Twitter) and dating websites (e.g., Match.com, 

eHarmony.com) to personal blogs (e.g., WordPress.com) and employment websites (e.g., 

linkedIn.com), the need to understand online social dynamics has grown. In many cases, 

people are experiencing introductions online rather than in-person. In the absence of non-

verbal information, one potentially important source of information available in virtual 

environments and communication is in the way people use language. With the 

development of computerized word count tools, it has become increasingly feasible to 

analyze large samples of text-based stimuli (e.g., Ireland, et al., 2011; Mehl, Gosling, & 

Pennebaker, 2006; Pennebaker, Mehl, & Niederhoffer, 2003; Tausczik & Pennebaker, 

2010). These analyses have been able to reliably reveal a number of traits (e.g., Big Five, 

gender) and states (e.g., depression) about the authors of the texts.  

 In a study of approximately 500 dyads, participants were asked to spend 10 

minutes in an online chat room getting to know an individual for whom they were 

unacquainted. Participants then rated one another on a number of personality and 



 x 

individual difference traits. Analyses focused on sample-level, pair-level, and trait-level 

self-other agreement within the sample. Additionally, linguistic mediators of the self-

other agreement were investigated. A Brunswick Lens Model was employed in order to 

interpret the relationship between linguistic cues and overall judgmental accuracy. 

Results revealed that self-other agreement in the online chat environment was achieved 

slightly above chance. Traits that were perceived accurately included Extraversion, 

Political Liberalism, and Tradition.  

 Results also revealed that there were a number of valid linguistic markers to 

predicting accurate personality judgment. These cues, however, were rarely utilized to 

achieve accuracy. Also, counter to hypotheses, linguistic style matching (or the degree to 

which individuals were mimicking each other linguistically) was not predictive of self-

other agreement. It was, however, significantly related to interaction quality. Taken 

together, the findings revealed that computer-mediated environments are a valid context 

for forming impressions. However, valid cues are either not available or not detected by 

perceivers. Theoretical and practical implications are discussed as well as areas for future 

research.  
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CHAPTER 1: INTRODUCTION 

 
 Throughout the course of a day, we form numerous impressions of other people—

whether it is a new employee in the workplace, a barista at the coffee shop, or simply someone 

that passes us on the street. In addition to impressions formed in the physical world, individuals 

also encounter and form impressions of others in the virtual world. Given the growing presence 

of social media and digital communication, it is increasingly likely that initial interactions 

between people will be made via computer-mediated environments. For example, those that are 

seeking a mate via an online dating website must rely, at least in the beginning phases, on 

information from the person’s electronically generated profile. Individuals applying for jobs, 

internships, or even graduate school must often first interact with their future employer via email. 

It is crucial in these and many other contexts for the perceiver to make accurate impressions of 

the speaker.  

 Accurate impressions allow individuals to successfully navigate various types of social, 

professional, romantic, and other relationships (e.g., Markey & Wells, 2002). It is therefore 

critical to understand the mechanisms involved with impression formation in computer-mediated 

communication (CMC) environments. Some key questions include: Is it possible to form 

accurate impressions in CMC environments? How do these impressions differ from impressions 

formed in face-to-face contexts? And what types of cues can be appropriately utilized to increase 

the accuracy of impressions? Researchers have begun attempting to answer some of these 

questions.  

 Despite the lack of physical information such as nonverbal and environmental cues, 

virtual environments have been found to be rich with “getting-to-know-you” information (e.g., 

Graham, Sandy, & Gosling, 2011). Even a small piece of information such as an email address 
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can reveal aspects of an individual’s personality (Back, Schmukle, & Egloff, 2008). Several 

studies have evaluated the type of personality-relevant cues that can be gleaned from online 

social networks (e.g., Gosling, Augustine, Vazire, Holtzman, & Gaddis, 2011), personal websites 

(e.g., Marcus, Machilek, & Schutz, 2006; Vazire & Gosling, 2004), blogs (e.g., Argamon, 

Koppel, Pennebaker, & Schler, 2009), and various other forms of computer-mediated 

environments (e.g., Colley, et al. 2004; Graham & Gosling, 2012).  

 In the absence of physical cues, one potentially important source of information available 

in virtual environments and communication could be the way people use language. With the 

development of computerized word-count tools, it has become increasingly feasible to analyze 

large samples of text-based stimuli (e.g., Ireland, et al., 2011; Pennebaker, Mehl, & Niederhoffer, 

2003; Tausciz & Pennebaker, 2010). These analyses have reliably revealed a number of traits 

(e.g., Big Five, gender) and states (e.g., depression) about speakers (e.g., Mehl, Pennebaker, & 

Gosling, 2006) and authors of the texts (e.g., Fast & Funder, 2008; Gill, Oberlander & Austin, 

2006; Küfner, Back, Nestler, & Egloff, 2010; Pennebaker et al., 2003; Yarkoni, 2010).  

 The goal of this dissertation is to further examine the role that language plays in how 

people form impressions of others in computer-mediated environments. I will begin by 

reviewing the theoretical background for the current research and summarizing relevant studies. I 

will then describe a study designed to examine the role of language use in online dyadic 

conversations (i.e., instant messages). Specifically, analyses focus on three major questions: 1) 

Can individuals achieve judgmental accuracy in computer-mediated communication (CMC) 

environments? 2) How do linguistic cues mediate/moderate these impressions? and 3) How are 

aspects of the dyad as a whole related to impression formation and the quality of the interaction? 
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In the present chapter, to provide some context for my questions, I summarize the relevant 

literatures, covering them in greater detail in Chapters 2 and 3.  

Theoretical Background 
  
 ACCURACY IN PERSONALITY JUDGMENT. Accuracy in personality judgment is a well-

established and widely studied field of research (e.g., Funder, 1995; Kenny & Albright, 1987). 

Funder (1995) delineates three different approaches to accuracy research. The first of these 

approaches is known as the pragmatic approach. Proponents of this approach define accuracy 

simply as a mechanism that successfully fosters real world social interactions (e.g., Swann, 

1984). For instance, perhaps you perceive the woman across the room at a party as Extraverted 

and Agreeable. You approach her and subsequently have a successful and pleasant conversation. 

Pragmatists would then define your judgment of the woman as accurate due to the successful 

outcome.  

 A second approach to accuracy research is known as the constructivist approach (e.g., 

Kenny, 1994; Kruglanski, 1989). This approach defines the accuracy criterion as a consensus 

between informed judges. For instance, the aggregate of Susie’s self-reported personality, her 

friend’s rating of her personality, and her family’s rating of her personality would be considered 

an accuracy criterion. Additionally, research in this area has employed methodologies of 

controlling for various response biases and error and for partitioning impressions into variance 

components associated with how perceivers generally see others and how people are generally 

seen by others (e.g., Kenny, 1994; Kenny et al., 2006).  

 It should be noted that consensus can also be studied as a separate phenomenon to 

accuracy. For instance, we may want to know if observers reach consensus on how extraverted 

the woman at the party is. If partygoers agree that she is highly extraverted, then it is conceivable 
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that the woman is emanating some element that is perceived as extraverted. This consensus could 

then be compared to informed ratings of her extraversion (e.g., from friends or family members) 

or to objective behavioral measures (e.g., number of friends she has, how much she talks, how 

many parties she attends). In this scenario, we could have consensus and no accuracy (i.e., 

people agree that the woman is extraverted but really she is introverted); or consensus and 

accuracy (i.e., people agree that she is extraverted and she truly is extraverted). Generally, 

consensus is necessary in order to achieve accuracy. However, consensus does not guarantee 

accuracy.  

  The final model of accuracy is known as the Realistic Accuracy Model (RAM; Funder, 

1995). This model rests on the assumption that personality traits are real attributes of individuals. 

RAM also qualifies an array of factors that facilitate the detection of cues to personality. This 

model will be outlined in more detail in Chapter 2.  

 Accuracy Criterion in the Current Study. In the design of this dissertation, the 

accuracy criterion is defined as the targets’ self-ratings. The accuracy criterion was defined this 

way for two reasons: 1) the self oftentimes, and especially in zero acquaintance environments, 

has the most informed impression of his or her personality (e.g., Vazire & Mehl, 2008), and 2) 

due to limitations of time and resources it was not possible to collect personality criteria from 

informed others or behavioral measures. Ideally future research will be able to build on the 

current design and accumulate more criteria to establish a more robust measure of accuracy.  

 From an analytic perspective, the study builds on elements of Kenny’s (e.g., 1994) and 

Funder’s (e.g., 1999) models. Following Kenny’s model, I first attempt to understand the 

elements of self-other agreement in the context of online chats. I start by decomposing the 

different variance components of profile agreement (e.g., similarity, stereotype accuracy). I then 
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move to understanding how self-other agreement differs as a function of dyadic elements (e.g., 

liking).  

 Second, I follow a RAM (Funder, 1995) and Brunswikian (1956) model to understand 

real and perceived elements of personality. As noted above, self-ratings of personality are 

defined as the validity criterion. Other-ratings are defined as the perceived personality. Using 

this approach, a number of tangible cues in the personality judgment environment (e.g., word 

count, linguistic style) can be coded. These cues can then be analyzed to understand the 

relationship between how personality is expressed by the self and also perceived by others.  

 FIRST IMPRESSIONS. Research has consistently shown that personality can be accurately 

judged based on small pieces of information about a person (e.g., Graham et al., 2011). Early 

work on zero-acquaintance impressions (e.g., Ambady, Conner, & Hallahan, 1999; Ambady & 

Rosenthal, 1992; Borkenau & Liebler, 1992, 1993, 1995; Kenny & Albright, 1987) revealed that 

raters often achieved both consensus and accuracy on a number of individual differences (e.g., 

Extraversion) based on brief snippets of information (e.g., brief video clips, video stills). Valid 

cues to personality are expressed across a variety of contexts ranging from brief exposures to 

photographs of an individual (Meier, Robinson, Carter, & Hinsz, 2010; Naumann, Vazire, 

Rentfrow, & Gosling, 2009) to a walk through of his or her bedroom (e.g., Gosling, Ko, 

Mannarelli, & Morris, 2002).  

 The study of accuracy and impression formation has expanded beyond the physical world 

into the virtual world. Research in the area of blogs, personal websites, and online social 

networking sites (OSN’s) has increased rapidly in recent years (Wilson, Gosling, & Graham, 

2012). This relatively new area of research has revealed that individuals form reliable and valid 

impressions of others based on cues found in the virtual world (e.g., Graham et al., 2011). For 
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instance, Back, et al. (2010) found that independent raters achieved high levels of consensus and 

accuracy when rating a number of real Facebook profiles. Accuracy was particularly high for 

Extraversion and Openness. Despite the heightened focus of personality research on virtual 

domains, surprisingly few studies have examined the role that language plays in the impression 

formation process.  

 Accuracy in Computer-Mediated Communication (CMC) Environments. Language, 

or more precisely text, is a key component of self-expression in static (e.g., personal website; 

blog) and dynamic (e.g., email, texting, IM-ing) online communication. General impression 

formation within CMC environments has been widely studied in the field of communications. 

Both theoretical and empirical work on impression formation in this medium has produced 

mixed conclusions (Tidwell & Walther, 2002). Some researchers suggest that the relative lack of 

emotional cues (in comparison to face-to-face [FfF] settings) renders the medium impersonal and 

thus a barren environment for impression formation. Others argue that alternative mechanisms 

(e.g., exclamation marks) can be used to convey paralinguistic cues and, as a result, the 

impression environment is rich (e.g., Walther 1993). Additionally, studies have shown that the 

proportion of self-disclosures and personal question asking (also referred to as uncertainty 

reduction) is greater in CMC (vs. FtF) environments (e.g. email; Tidwell & Walther, 2002). 

Despite these findings, impressions formed in CMC environments have consistently relied on 

heuristics or assumed in-group similarities (also referred to as stereotype accuracy; Lea & 

Spears, 1992; Postmes, Spears, & Lea, 1998). 

 In regards to linguistic cues within the CMC environment, Lea and Spears (1992) 

experimentally demonstrated (with canned stimuli) that differential linguistic cue usage (e.g., 

typos) led to different impression formation (in comparison to control stimuli). For example, 
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individuals rated the writers of texts with typos as less intelligent than writers of control texts 

(i.e., no typos). The relationship between differential cue usage and actual personality, however, 

has not been evaluated within the communications literature. Additionally, the role of language 

use in impression formation has not been examined in naturalistic communications (i.e., text 

from actual speakers).  

 Much of the focus of research on CMC environments has been on general impression 

formation (i.e., perceptions). Much less research has been conducted on the correspondence 

between perceived and actual personality (i.e., accuracy). The small amount of previous research 

on accuracy in computer-mediated communication has focused on 1) the difference in accuracy 

online versus face-to-face (e.g., Boucher et al., 2008; Okdie, et al. 2011), 2) trait-level accuracy 

in CMC environments (e.g., Gill et al., 2006; Markey & Wells, 2002) or 3) linguistic cues 

associated with actual (but not perceived) personality (e.g., Mehl et al., 2006; Pennebaker & 

King, 1999; Yarkoni, 2010) or perceived (but not actual) personality (e.g., Lea & Spears, 1992). 

A few exceptions include Back et al. (2008; accuracy of impressions based on email addresses), 

Rouse and Haas (2003; accuracy of impressions based on language use in online chat rooms), 

and Gill (2003; accuracy of impressions formed based on language used in email conversations). 

 Research on impression formation and accuracy in CMC environments is patchy and 

incomplete. The question of whether or not accuracy can be achieved within these environments 

(and how) is largely unanswered because the findings of the various studies paint an inconsistent 

picture (e.g., Tidwell & Walther, 2002). Some studies have found that the accuracy of 

impressions formed in CMC environments is superior to that of face-to-face environments (e.g., 

Okdie, et al. 2011). Others have revealed no difference in impression formation between the two 

contexts (e.g., Boucher et al., 2008). Further, researchers have demonstrated differential accuracy 
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at the trait level within CMC environments (e.g., Markey & Wells, 2002). No studies to date 

have evaluated the simple baseline level accuracy within this environment. That is, can people 

accurately judge others at above chance levels within CMC contexts? Additionally, little 

research has been able to shed light on the specific mechanisms (i.e., environmental/linguistic 

cues) that facilitate accurate impressions.  

 This dissertation seeks to build on previous research by a) further exploring the basic 

question of whether or not individuals can achieve accurate personality judgment in CMC 

environments and b) analyzing the linguistic cues that may influence these impressions. To 

explore the specific role that language plays in this process, I first define linguistic cues 

operationally.  

 LINGUISTIC ANALYSIS. Relatively recent advances in technology have allowed 

researchers to efficiently record, transcribe, and analyze language use in individuals. One 

popular way of analyzing language is by using word-count software (e.g., Mehl & Gill, 2010; 

Pennebaker et al., 2003). As early as the mid 20th century, academics were using word-counting 

techniques as a method of understanding basic motivations (e.g., Stone, Dunphy, Smith, & 

Ogilvie, 1966). Today, word-counting techniques are used in diverse fields ranging from clinical 

and medical contexts (e.g., Arntz, Hawke, Bamelis, Spinhoven, & Molendijk, 2012; Shields, et 

al., 2005) to personality assessment (e.g. Mehl et al., 2006; Pennebaker & King, 1999; Yarkoni, 

2010).  

 LIWC. One popular word-count software package widely used in the field of psychology 

is the Linguistic Inquiry and Word Count (LIWC2007; Pennebaker, et al., 2007). LIWC is 

capable of analyzing large corpora of text in a short period of time and produces counts of a 

number of word categories. Categorization of counts are based on an internal dictionary created 
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by the software developers or researchers. The 2007 version of LIWC searches approximately 

4,000 words and word stems and groups them into predefined categories. Broadly, categories 

include function words (e.g., pronouns, articles), psychological words (e.g. emotion, social), and 

content words (e.g., work, money). A LIWC output reveals the percentages (of the total word 

file) within each category. These word counts have been linked to a number of external 

correlates including demographic and psychological variables (e.g., Pennebaker & King, 1999; 

Pennebaker et al., 2003).  

 Domains of exploration with LIWC include personal blogs (e.g., Yarkoni, 2010), 

transcribed natural language use (Mehl et al., 2006), journal articles (Pennebaker & King, 1999), 

creative writing (Küfner, Back, Nestler, & Egloff, 2010), emails (Gill et al., 2006), text 

messaging (Holtgraves, 2011), online chats (e.g., Boucher, Hancock, & Dunham, 2008; Slatcher, 

Vazire, & Pennebaker, 2008), and many more.  

 Language and Personality. A number of studies have examined the expression of 

personality traits in language use (e.g., Gill et al., 2006; Küfner et al., 2010; Mehl et al., 2006; 

Pennebaker & King, 1999; Yarkoni, 2010). Personality expression in language use has been 

explored in a variety of contextual (Face-to-Face vs. Computer-Mediated-Communication) and 

relationship (e.g., unacquainted dyads, relationship partners, friends) contexts.  

 One study examined individuals’ natural language use in everyday conversations. Mehl et 

al. (2006) used electronically activated recording devices to record people’s natural language use 

throughout the day. After the language was transcribed, various components of language were 

correlated with personality traits of the speakers. Self-reported Big Five scores were correlated 

with several language categories. For example, Extraversion was positively correlated with raw 
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word count—indicating that extraverts simply talk more than introverts. Agreeableness was 

negatively correlated with use of swear words.  

 Pennebaker and King (1999) also explored the relationship between the dimensions of the 

Big Five and factors of language use (derived from LIWC categories). The authors analyzed 

written text from diverse contexts (student writing assignments, journal articles, daily diaries 

from substance abuse patients, etc.). Some notable findings include a negative relationship 

between verbal immediacy (immediateness and simplicity of the language) and Openness and a 

negative relationship between making distinctions (using more negations and exclusion words) 

and Extraversion and Conscientiousness.  

 Another study examined students’ language use within creative writing assignments 

(Küfner et al., 2010). The researchers found that language cues were correlated with both 

Agreeableness and Openness. For instance, the more agreeable the author, the more social 

orientation words he/she used. Positive emotion words were positively associated with both 

Agreeableness and Openness.  

 One problem with the above-mentioned studies is that sample size is usually limited—

therefore confining the reliability of the findings. One recent study circumvented this problem by 

utilizing online recruiting techniques (Yarkoni, 2010). Yarkoni analyzed text from 694 bloggers. 

After matching the LIWC categories with the participants’ personality ratings, a number of 

significant correlations emerged. For example, neurotic individuals used more first person 

pronouns and extraverts use more positive emotion words. A full report of the associations found 

can be found in Yarkoni’s (2010) Table 1 (p. 365).  

 Linguistic Style Matching (LSM). A more recent derivative analysis of LIWC has been 

created for the purposes of understanding conversational language. LSM is a method for 
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indexing the similarity of function-word use between two (or more) conversational partners (e.g., 

Niederhoffer & Pennebaker, 2002). Typically the transcripts of each speaker are separated and 

analyzed to compute the LSM score. The LSM metric is still being explored empirically but it is 

thought to be a measure of how well the interaction partners are paying attention to one another 

and unconsciously matching each other (e.g., Ireland et al., 2011). LSM has been shown to 

predict diverse behaviors such as relationship stability (Ireland, et al., 2011), group social 

dynamics (Gonzales, Hancock, & Pennebaker, 2009), and hostage negotiation resolutions 

(Taylor & Thomas, 2008).  

 LSM and Accuracy. To date, no studies have examined the relationship between LSM 

and judgmental accuracy of personality. For instance, does higher language style matching 

between conversation partners lead to more accurate impressions within the dyad? Perhaps a 

more engaging/attentive conversation (and thus higher LSM) will lead to more accurate 

impression formation. A few studies have investigated impression formation within the context 

of online chats (e.g., Boucher et al., 2008; Hancock & Dunham, 2001; Okdie et al., 2011). The 

aim of these studies, however, was not to investigate the role of language in predicting accuracy 

but to compare impressions made in Face-to-Face versus Computer-Mediated Communication 

environments.  

 Meaning Extraction Method (MEM). Given the vast variation in everyday 

conversational topics, it is difficult to analyze all possible content-level associations with 

personality. Higher-order content dimensions would allow for more manageable, interpretable, 

and generalizable findings. One particularly useful method of dimension reduction in the content 

of language is the Meaning Extraction Method (MEM). Developed by Chung and Pennebaker 

(2008), this analysis identifies the most frequently used content words (nouns, verbs, and 
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adjectives) being used in a text or corpus of texts. Then utilizing a factor analytic technique 

(Latent Semantic Analysis), dimensions of meaning can be identified. Researchers have used the 

method to identify components of self-descriptions (Chung & Pennebaker, 2008), themes of 

therapeutic outcomes (Wolf, Chung, & Kordy, 2010), and components of military extremism 

(Stankov, Higgins, Saucier, & Knezević, 2010). 

 It is intuitive that the thematic content of language in the virtual world—especially 

conversational content—would be relevant in forming impressions of others. For example, if you 

meet someone new at a party, what types of topics do you feel will help you get to know them 

best? Will you ask them to talk about their interests in movies, music, and books? Or would you 

like to talk to them about how the traffic was on the way to the party? Perhaps both 

conversations would contain informative and detectable personality cues. The relationship 

between linguistic content and personality judgment/accuracy, however, has yet to be explored.  

Research Questions  
 
 Through the course of this dissertation I sought to answer three broad research questions.  

 Research Question #1: Can people accurately judge personality in computer-mediated 

 communication environments? To address this question, unacquainted dyads 

 communicating via an online chat program will rate themselves and their partner on a 

 number of personality variables.  

  Research Question #1a: Which traits are most visible in CMC    

  environments? 

  Research Question #2a: What are the covariates of accuracy in a CMC   

  environment?  
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 Research Question #2: What types of language cues lead to more successful 

 judgmental accuracy? In the process of understanding accuracy, I attempted to 

 replicate the valid language cues to personality found in previous literature (e.g.,  Gill et 

 al., 2006; Küfner et al. 2010; Mehl et al., 2006; Pennebaker & King, 1999; 

 Yarkoni, 2010) as well as identify other valid cues.  

 Research Question #3: Does language style matching lead to greater judgmental 

 accuracy? I hope to discover the relationship that LSM plays in predicting 

 accuracy in personality judgments.  

  Research Question #3a: What are the other correlates of LSM within a   

  CMC environment.  

Overview of Dissertation  
 
 The goal of this dissertation is to bridge the gap between accuracy research and linguistic 

analysis. I sought to replicate some of the foundational research that has been conducted in this 

area as well as build on those findings. The format of the dissertation is as follows. Chapter two 

covers the theoretical and empirical background of research in the field of accuracy—particularly 

the accuracy of personality judgment. This background is important for establishing the design of 

the current study. Chapter three is focused on the foundations of dyadic data analysis. An 

understanding of the theoretical and statistical complexities of dyadic data is important in setting 

up the empirical models of later chapters.  

 Chapters four and five are both empirical. In chapter four, I explore self-other agreement 

in the context of online chats. I start by discussing the process of computing the indexes of self-

other agreement. I then move to examining different variance components of self-other 

agreement. Next, I examine which traits are most accurately perceived in the computer-mediated 



 

 14 

context. In other words, are some traits (e.g., Extraversion) more visible than others in an online 

chat context? Last, I explore correlates of overall self-other agreement.  

 Chapter five focuses on analysis of the various relationships between linguistic cues and 

perceived/actual personality. Here, I attempt to decipher meaningful associations between 

linguistic dimensions and individual differences. I am also interested in how variation in these 

linguistic dimensions guides individuals’ perceptions of others. For instance, is Suzy’s 

impression of Allison influenced by Allison’s use of personal pronouns? It is critical to 

understand both the valid (actual) and utilized (perceived) associations between language and 

personality.  

 Finally, in chapter six I provide an overall summary and discussion of the findings. I 

discuss both the practical and theoretical implications of the empirical findings of chapters four 

and five. I wrap up with a discussion of the study’s limitations and areas for future direction.  

 



 

 15 

CHAPTER 2: ACCURACY 

Overview 
 
 In Chapter 2, I outline the history of accuracy research—including methodological and 

theoretical developments. Throughout the chapter, I contextualize the discussion of accuracy in 

terms of the model used for the current study. I then end with a discussion of how impression 

formation and accuracy has been studied in the world of computer-mediated communication and 

linguistic analysis.  

What is Accuracy?  
 
  Funder (1999) describes accuracy as the relationship between “what is perceived and 

what is.” Of course, in the context of personality judgment, “what is” is a tricky criterion to 

determine. Accuracy criterion (or the criterion used as “truth”) in the context of personality 

judgment can range from self-ratings of personality to behavioral measures to aggregated 

informed other-ratings. There is no single superior criterion.  

 SELF-OTHER AGREEMENT. The method employed in the current study is a self-other 

agreement model. In this approach, the accuracy of interest is in whether others’ impressions of 

personality match the self’s perception (e.g., Funder, 1999; Kenny, 1994). A large body of 

research has established that self-other agreement can be achieved for a broad range of traits 

(Watson, Hubbard, & Wiese, 2000). Researchers have particularly focused on agreement among 

the Big Five model of personality (e.g., John & Robins, 1993; McCrae & Costa, 1987).  

 There are advantages and disadvantages to identifying self-ratings of personality as the 

accuracy criterion. One advantage is that conceptually (McAdams, 1995) and behaviorally (e.g., 

Gosling et al., 2002; Mehl, Gosling, & Pennebaker, 2006) self-perceptions play an important role 

in the definition of personality. A disadvantage to using self-ratings is that the self is susceptible 
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to a number of biases and “blind spots” (e.g., Vazire, 2010). There are many contexts and traits 

for which “other” ratings of personality may be more informed. For instance Vazire (2010) 

found that for more evaluative traits (e.g., Intellect), other ratings were more accurate than the 

self. There are also instances, however, where the self is the best judge of personality. For 

example, the self has better access to information related to internally based personality traits 

(e.g., Neuroticism). In the context of the present study, I moved forward with self-other 

agreement as the method of accuracy assessment—while keeping in mind possible biases in 

information for self-ratings on particular traits.  

Why is Accuracy Important?  
 
 Accurate interpersonal perception plays a very important role in our daily social 

environment (e.g., Funder, 1999; Markey & Wells, 2002). We are constantly meeting and 

interacting with new individuals. Accurate judgment of those individuals is important for a) 

successful interpersonal interactions and b) for making decisions about moving forward in a 

relationship with that person (e.g., trusting him, hiring him, dating him).  

History of Accuracy Research 
 
 The study of accuracy is one of the oldest and most contentious areas of research in the 

fields of social and personality psychology. Early work on accuracy was born out of intelligence 

testing. Researchers reasoned that if intelligence could be measured as an individual difference, 

then maybe social skills such as accurate person perception could also be measured. Much of the 

accuracy research on personality judgment between the early 1920’s and early 1950’s was 

focused on the accuracy of judgments made by group members about each other. The common 

metric for accuracy criterion in these studies was self-other agreement (Funder, 1999).  
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Unfortunately, in 1955 Cronbach published a crippling critique of accuracy theory and 

methodology that turned out to be pivotal in the history of accuracy research (Cronbach, 1955; 

Gage & Cronbach, 1955). Cronbach’s critique (1955) highlighted the need to distinguish various 

components of accuracy. He clarified that there were four primary subcomponents to an accuracy 

score: elevation, differential elevation, stereotype accuracy, and differential accuracy. Elevation 

is defined as the correlation between the mean perceiver rating and the mean truth criterion. 

Differential elevation is the correspondence between the differences of the mean ratings across 

traits of two targets with the associated difference in accuracy criterion. Stereotype accuracy is 

the association between the differences of the mean ratings across targets of multiple traits with 

the difference in accuracy criterion. And finally, differential accuracy is the correspondence 

between the perceiver rating and the accuracy criterion with the effects of elevation and 

stereotype accuracy removed (Kenny, 1994). He argued that it was only in the partitioning of 

these various components that accuracy could be fully understood (Cronbach, 1955).  

The analytic techniques for accuracy research in the 1950’s were already complex 

(without the use of statistical software or computers). And with the added complexity of 

decomposing accuracy elements, researchers shied away from the study of accurate person 

perception in the field of personality (e.g., Funder, 1999; Kenny & Albright, 1987). For 

approximately 30 years following the critique, research on accuracy in personality judgment lay 

dormant (Funder, 1999). A resurgence in the study of accuracy developed in the mid 1980’s. A 

few adjustments and improvements were suggested for a new endeavor in accuracy research 

within the field of personality psychology. First, Kenny and Albright (1987) recognized the need 

to shift focus in accuracy research to a nomothetic one. In other words, they proposed studying 
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when and how perceivers are accurate rather than who is accurate. Kenny and Albright (1987) 

thus emphasize study of the level of accuracy rather than its variability.  

 Second, researchers (e.g., Kenny & Albright, 1987; Swann, 1984) noted that much 

previous accuracy research relied on object perception (i.e., the stimulus did not change as it was 

being perceived). They argued that the interaction or interpersonal element to person perception 

was crucial to dissecting accuracy because people (unlike object stimuli) are constantly changing 

in their environment. 

 And lastly, following from Cronbach’s critique, researchers proposed utilizing a 

componential approach to accuracy (e.g., Kenny, 1994; Kenny & Albright, 1987). Understanding 

the different variance components related to the target (i.e., the individual being judged) and the 

perceiver (i.e., the individual doing the judging) is critical to fully understanding accuracy. For 

instance, stereotype accuracy (described above), is a component of overall accuracy that captures 

the degree to which perceivers see the average (or general) other. This, and other variance 

components make up global accuracy. It is the correspondence amongst these components that 

captures “true” accuracy (Kenny, 1994).  

Accuracy Models  
 
 Several models have been proposed in order to bypass the global accuracy problem 

identified by Cronbach (1955). Next, I describe two of these proposed models and identify some 

of the methodologies that will be employed in the course of this dissertation.  

 SOCIAL RELATIONS MODEL. An important and useful model of judgmental accuracy is 

known as the Social Relations Model (SRM). This model, developed primarily by David Kenny 

(Kenny, 1994; Kenny & Albright, 1987; Kenny & La Voie, 1984; Malloy & Kenny, 1986), takes 

a thorough approach to identifying the various components contributing to accuracy. SRM is 
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primarily broken down into four components (Kenny, 1994). The first two components are 

individual-level effects known as “perceiver” and “target” effects (sometimes referred to as 

“actor” and “partner” effects; Kenny, 1994). To illustrate these effects, let us say we are 

examining the hypothetical dyad of Dan and Mitch. The two individuals are college roommates. 

They are asked to rate each other on the trait of Extraversion. Dan rates Mitch as highly 

extraverted. To what degree does Dan rate other individuals (e.g., friends, teammates, 

classmates) as extraverted? Dan’s tendency to rate others as extraverted can be controlled for in a 

component known as the perceiver effect. Additionally, how do others view Mitch’s level of 

Extraversion? Is it the case the most raters agree that Mitch is highly Extraverted? The degree to 

which Mitch is rated as extraverted by others can be capture in a component is known as the 

“target” effect (Kenny, 1994).  

 The third component in the model is the “relationship effect.” This dyadic effect captures 

the unique perception between perceiver and target. The relationship effect is a residual of 

controlling for the two individual level effects (Kenny, 1994). In other words, how does Dan 

uniquely perceive Mitch’s Extraversion over and above perceiver and target effects?  

 The fourth component of the model is a constant. This “constant effect” is simply an 

average rating across all perceivers, targets, and relationships (Kenny, 1994). It can be thought of 

as a grand mean. Lastly, an error component should also be considered in the total model 

(Kenny, 1994). 

 These variance components can then be used to ask a number of interesting research 

questions about accuracy. For instance, in our example about ratings of Extraversion, we may be 

interested in understanding where the greatest source of variation in ratings comes from. This 

helps answer the question of why some people are perceived as Extraverted while others are 
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perceived as Introverted. Is it the case that there is no variation in extraversion among targets and 

that perceivers are just rating targets differentially on Extraversion? Or is the variance primarily 

coming from differences among targets?  

 Researchers that are interested in answering questions about variance components in 

accuracy research must employ special designs in order to capture those components. 

Specifically, researchers use round robin and block designs. A round robin design involves every 

person in the group rating every other person in the group. A block design involves dividing the 

group in half (e.g., males vs. females). In this design, each individual rates members of the other 

subgroup. These designs allow for the computation of perceiver, target, and relationship effects 

of interest.  

 REALISTIC ACCURACY MODEL. Another prominent model for the study of accuracy is 

Funder’s (1995, 1999) Realistic Accuracy Model (RAM). RAM, unlike SRM, is focused on the 

process of accurate personality judgment rather than its components. The model relies on three 

very basic assumptions: 1) personality traits are real attributes of individuals, 2) people make 

personality judgments of other individuals, and 3) occasionally these judgments are accurate 

(Funder, 1999).  

 Funder (1999) outlines four steps that are crucial to achieving accuracy in personality 

judgment. Step one is relevance. The target must, in some way, exude relevant personality 

information. Funder (1999) argues that one of the most important reasons for studying 

personality at all is to understand its ability to predict behaviors. Human behavior is highly 

variable and there are therefore limited actions that are relevant to each personality trait. 

 Second, the relevant information must be available. The judge must have access to the 

personality relevant information in order to make an accurate judgment. Two primary obstacles 
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to availability exist. The first is that there are a number of internal “behaviors” such as thoughts 

and feelings that are almost exclusively available to the target himself. Outside observers have 

little to no access to these highly relevant behaviors. Second, behavior is not only trait specific 

but context specific. We, as individuals encounter many contexts throughout our daily lives. 

There are very few people in our lives (i.e., perceivers) who have access to every context in 

which we behave.  

 Third, the relevant and available information has to be detected. Consciously or 

unconsciously, the information must be processed by the perceiver in some way for accuracy to 

occur. There are a number of ways for this process to fail. First, the stimulus itself could be 

fleeting or difficult to detect. Second, an individual’s perception may be interrupted in a number 

of ways (e.g., distracted, inattentive).   

 And lastly, the information must be utilized. Utilization refers to the cognitive process of 

attributing the detected information appropriately. In Brunswik’s model (1956) this process is 

referred to as cue utilization. Cue utilization is the correlation between overall perceptions of 

personality (across perceivers) and coded cues (e.g., facial features, clothing). Utilization is 

important for understanding which cues are accurately (or inaccurately) associated with ratings 

of personality.  

 It is only in the culmination of these four steps that accuracy in personality judgment can 

be achieved (Funder, 1999).  

 CURRENT STUDY DESIGN. The design of the current study borrows elements of a 

componential approach as well as RAM approach. 

 First, I assessed the overall level of self-other agreement of dyads within the online chat 

environment. I then used a componential approach to identify normative and distinctive accuracy 
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within the sample. The normative component (also referred to as stereotype accuracy) was 

derived by computing average trait levels across the sample as a whole (Furr, 2008). By 

removing this normativeness, I was able to identify distinct self-other agreement. For example, to 

what degree was Dan able to pick up on the unique aspects of Mitch’s personality? 

 Second, building on the RAM model (Funder, 1999), I created an exhaustive list of cues 

coded from the online chat environment (i.e., linguistic cues). I then tested the validity and 

utilization of these cues with a Brunswik lens model approach. Accuracy was examined across 

personality traits as the significant correspondence between valid and utilized cues. In other 

words, this analysis tests whether the cues that people use to form their impressions of a person 

(i.e., cue utilization) are the cues that are truly diagnostic of what the person is actually like (i.e., 

cue validity).  

Accuracy Variables of Interest 
 
 Accuracy research has focused on a plethora of individual differences throughout the 

many years of its study—from its earliest days of judging intelligence (e.g., Vernon, 1933) and 

making clinical assessments (Estes, 1938) to the more recent work of judging sexual orientation 

(Ambady, Hallahan, & Conner, 1999) and interpersonal sensitivity (e.g., Hall, Andrzejewski, & 

Yopchick, 2009). The primary focus of this dissertation is in assessing the accuracy of 

personality judgment.   

 In the early 1990’s a popular framework for personality known as the Five Factor Model 

(FFM) emerged (e.g., McCrae & Costa, 1999). The empirical model essentially asserts that 

personality traits can be divided into five broad factors. These five factors are Extraversion, 

Agreeableness, Conscientiousness, Neuroticism, and Openness. The FFM is by far the most 

widely accepted and most studied model of personality (e.g., Gosling, Rentfrow, & Swann, 
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2003). Since its growth in popularity, the FFM (also referred to as the Big Five) has been 

researched in a variety of studies—from evaluating the structure and developmental aspects of 

the factors (e.g., Soto, John, Gosling, & Potter, 2010) to examining their ability to predict 

behavioral outcomes (e.g., Bosnjak, Galesic, & Tuten, 2007; Gosling, et al. 2002; Guadagno, 

Okdie, & Eno, 2008; Verhulst, Hatemi, & Martin). 

Accuracy Contexts 
 
 Naturally, researchers became interested in studying various contexts in which 

personality judgments were being made. Two primary contexts of interest are physical 

environments and, more recently, virtual environments (e.g., Graham et al., 2011).  

PHYSICAL ENVIRONMENTS. Various studies have focused on impression formation in 

relation to the physical environment surrounding us. Research has varied from static 

environmental contexts such as physical appearance (e.g., Borkenau & Liebler, 1992; Naumann 

et al., 2009) and coded aspects of personal living spaces (e.g., Gosling, et al. 2002) to more 

dynamic contexts such as video taped job interviews (e.g., Ambady, Krabbenhoft, & Hogan, 

2006) and recorded natural language use (e.g., Mehl et al., 2006). These studies have revealed a 

number of valid cues to accurate detection of personality. For instance, Naumann et al. (2009) 

found that smiling is positively related to higher levels of Extraversion. Additionally, smiling 

was a cue that was utilized—or positively associated with perceivers’ ratings of Extraversion. 

These and many other studies have found valid and utilized cues within physical environments 

which lead to accurate personality judgment of targets.    

 VIRTUAL ENVIRONMENTS. With recent advances in technology, accuracy within virtual 

environments has gained attention by personality researchers (e.g., Gosling, Gaddis, and Vazire, 

2007; Graham & Gosling, 2012). A diversity of virtual environments has been explored 



 

 24 

including personal websites (Marcus, Machilek, & Shultz, 2006; Vazire & Gosling, 2004), 

Online Social Networking Sites (OSN’s; Back et al., 2010; Gosling et al., 2007), and even 

Online Role Playing Games such as World of Warcraft (Graham & Gosling, 2012). For instance, 

Gosling et al. (2007) found that, by viewing individuals’ Facebook profiles observers could 

accurately detect levels of Extraversion and Openness. Marcus et al. (2006) found strong self-

other agreement for levels of Openness based on observations of personal websites. Like 

physical environments, virtual environments have proved themselves to be a valid context for 

achieving accurate personality judgment. 

 As described in Chapter 1, despite the increased research on accuracy in virtual 

environments, little research has focused on accuracy within basic computer-mediated 

environments (e.g., email, online chat). Additionally, the role that language plays in the 

impression formation process within these environments has largely been ignored. Below, I 

discuss some of the few studies that has been conducted in this area.   

 Can Accuracy in CMC environments be achieved? Most previous research addressing 

this question has focused on 1) the difference in impressions formed online versus face-to-face 

(e.g., Okdie et al., 2011; Boucher et al., 2008), 2) baseline accuracy formed in CMC 

environments (e.g., Gill et al., 2006; Markey & Wells, 2002). In the first set of studies, results 

have revealed that generally impressions formed in CMC environments tend to be less accurate 

than in face-to-face environments (Jacobson, 1999; Okdie et al., 2011; Robins, Mendelsohn, 

Connell, and Kwan, 2002). Although some studies suggest that accuracy can be just as strong in 

CMC and face-to-face environments (Boucher et al., 2008; Hancock et al., 2007).  

 The second set of studies focused on baseline accuracy (by employing variance 

techniques such as Kenny’s SRM; Markey & Wells, 2002) and trait-level accuracy (Gill et al., 
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2006; Markey & Wells, 2002). Results revealed that perceivers were able to achieve accuracy for 

the traits of Extraversion (Gill et al., 2006; Markey & Wells, 2002) and Openness (Markey & 

Wells, 2002).   

 What is the Role of Language? A few studies have examined the specific role that 

language plays in influencing accurate impressions to personality in CMC environments. Back et 

al. (2008) examined coded aspects of email addresses (one of the thinnest possible cues to 

personality in CMC environments) and found that all of the Big Five traits (except for 

Extraversion) were accurately rated by perceivers. Gill (2003) examined accuracy in relation to 

the linguistic components of the content of email exchanges and found that raters accurately 

perceived the Extraversion of the email authors.  

 Rouse and Haas (2003) is the only known study to date that has examined the role of 

language in accurately perceiving others in online chats. Trained raters coded a number of 

linguistic behavioral elements within the online chats (e.g., greeting, humor, insult). A 

Brunswikian lens model revealed significant cue utilization (or correlation between cues and 

perceived personality). There was, however, little cue validity and all self-other agreement 

correlations within the Big Five traits were found to be non-significant. Discussion of the 

relationship between accuracy and linguistic cues is expanded upon in Chapter 5.  

 Current Study. Following previous research in this area, I sought to build on the 

empirical findings by 1) further testing the overall accuracy of perceptions in CMC environments 

and 2) expanding the study of linguistic cues within CMC environments. To achieve the first 

goal, I conducted a study in which unacquainted dyads used an online chat medium in order to 

have a conversation and get to know one another. I tested the sample-level, pair-level, and trait 

level self-other agreement (further explained in Chapters 3 and 4) in order to get a complete 
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picture of level of accuracy being achieved in this environment. To achieve the second goal, I 

employed newer linguistic word counting techniques (e.g., LIWC, MEM) in order to capture a 

number of quantitative linguistic components to the chat conversations. This allowed me to 

examine the relationship that language use had on the impression formation process in CMC 

environments. I detail these analyses and results in Chapter 4.  

 In the next chapter, I discuss some of the methodological and theoretical concerns 

surrounding the employment of a dyadic model (the model I employ in the current study).  
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CHAPTER 3: DYADIC DATA 

Overview 
 
 A dyad is simply defined as two individuals who are linked in some capacity (e.g., 

Kenny, Kashy, & Cook, 2006). Dyads vary both in type (e.g., romantic partner, friend, 

roommate) and strength of relationship (e.g., dating vs. married). The dyadic unit is pervasive in 

human society and is thus of prime interest to researchers in the social sciences. There is much to 

be learned from the dynamics of dyadic relationships. There are a number of theoretical and 

analytical complexities that are important to consider when studying dyadic relationships—many 

of which researchers are only just beginning to tackle (e.g., Furr, 2008; Furr & Wood, 2013; 

Kenny et al., 2006). In this chapter I will outline types of dyadic models as well as various 

analytic techniques for studying behavioral outcomes. Additionally, I will contextualize the 

information in terms of the current study design.   

Dyadic Designs  
 
 In the scientific study of dyads there are multiple research designs that can be utilized 

(e.g., Kenny & Winquist, 2001; Kenny et al., 2006). Three primary designs are represented in the 

literature: standard dyadic design, SRM (mentioned in Chapter 2), and one-with-many design. 

The first of these, the standard design, is the most widely used design in studies of dyads. A 

broad survey of dyadic studies (Kenny et al., 2006) revealed that 54 out of 75 studies (~75%) 

employed a standard design. The standard design implies membership in a single dyad—that is 

the two members of the dyad are only linked to each other (and no other individuals in the 

study). SRM models represented about 13% of studies. As discussed in Chapter 2, SRM is a 

design that involves each individual paired with multiple others (and vice versa). The two 

primary designs used within SRM are round-robin and block designs (described in Chapter 2). 
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SRM provides a more direct way of capturing the variance components among individual pairs 

(Kenny et al., 2006). Finally, the one-with-many design (representing ~12% of the studies) 

involves individuals being linked with multiple others. An example of this design would involve 

having students evaluate their teacher (i.e., one target with multiple raters).  

 CURRENT STUDY DESIGN. The current study design most closely follows a standard 

dyadic design. That is, each individual belonged to one and only one dyad. Additionally, each 

individual was measured on all variables in the study.  

Statistical specifications 
 
 NON-INDEPENDENCE. One of the most fundamental assumptions in many statistical 

analyses (e.g., ANOVA, Regression) is that observations are independent of one another. Dyadic 

data pose a unique and complex challenge to the assumption of independence. Inherently, dyads 

are interdependent. Even if individuals are completely unacquainted with one another, there are 

other components of the dyad that create non-independence (Kenny et al., 2006). For instance, 

let us say dyads are tasked with rating each other’s personalities, the shared similarity between 

individuals may have an effect on self-other agreement. If dyadic ratings are operating on 

assumed similarity (i.e., the degree to which a perceiver see his own traits in a target) then self-

other agreement will be inflated for individuals who are, in fact, similar. Violations of 

independence bias test statistics as well as p-values (e.g., Cook & Kenny, 2005) with the result 

that false conclusions could be made about the accuracy or inaccuracy of perceivers across a 

variety of traits and contexts.  

 In order to assess independence/non-independence, one must measure the relationship 

between variables in the dyad. Pearson’s correlations are used in the case of non-exchangeable 

dyads while intraclass correlations are used in the case of exchangeable dyads (Cook & Kenny, 
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2005; Kenny et al., 2006). If interdependence is found, then dyad (rather than person) must be 

used as the unit of analysis. If the independence assumption is met then person can be used as the 

unit of analysis.  

 EXCHANGEABILITY. The exchangeability (also referred to as distinguishability) of dyads 

is a concept that can be both theoretically and empirically defined (e.g., Furr, 2008; Furr & 

Wood, 2013; Gonzalez & Griffin, 1999; Kenny et al., 2006). Theoretically, exchangeability is 

defined by a meaningful distinction between person 1 and person 2 in a dyad. Examples of non-

exchangeable dyads include husband-wife, parent-child, boss-subordinate, and teacher-student 

pairs. For example, husband and wife differ by gender role; parent and child differ by familial 

role; boss and subordinate differ by status role, etc.  

 Often there are dyads in which no clear distinction lies. These dyads are referred to as 

exchangeable. Examples of exchangeable dyads include roommates, friends, homosexual 

couples, and classmates. In these cases, no obvious distinguishing role or hierarchy exists.  

 Of course, it is not always clear whether or not an obvious distinction is “meaningful” or 

not. For instance, in dyads of friends does gender matter? Or should the gender of friend pairs be 

ignored and be treated interchangeably? To address such concerns, there are ways to empirically 

establish the exchangeability of these dyads (e.g., Gonzalez & Griffin, 1999). For instance 

overall differences in the means and variances of roles (e.g., gender) can be tested for outcome 

variables of interest. For instance, if we want to know whether or not gender is an important 

distinguishing factor in roommate dyads, we can test the difference in means and variances 

between groups for a specific dependent variable (e.g., satisfaction with living situation). If 

significant differences exist between groups, then they should be treated as distinguishable.  
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 Exchangeability has important consequences for techniques employed in the analysis of 

dyadic data. For example, if profile correlations within a sample are being computed, a Pearson 

correlation coefficient can be used for non-exchangeable dyads. If the dyads are exchangeable, 

on the other hand, then an intraclass correlation or other methods must be utilized (e.g., Furr, 

2013; Kenny et al., 2008). The difference in analysis is important because that the degree of 

correspondence between two variables is influenced by order for the Pearson correlation (i.e., the 

distinction between “person 1” and “person 2” has a meaningful difference on the level of 

agreement between variables) but isn’t for the intraclass correlation. It is thus important in a 

study of dyads to consider the theoretical exchangeability of dyads as well as empirically test this 

exchangeability if necessary.  

 MEASURED VARIABLES. Another complication of dyadic data is in determining the 

degree of shared variance of measured variables—both independent and dependent variables 

(Kenny et al., 2006). There are three different possible types of variables: between-dyad, within-

dyad, and mixed variables. Between-dyad variables are those in which observations vary from 

dyad to dyad. Both members of the dyad have the same score on these type of variables. For 

example, two friends will have the exact same score on a level of acquaintanceship variable (e.g., 

3 years). Within-dyad variables are those in which there is variance between individuals within 

in the dyad but there is no variance across dyads. In other words, the average within dyad score 

(between the two individuals) is the same for every dyad in the study. Some examples of within-

dyad variables include the non-exchangeable role variable (e.g., husband = 0, wife = 1) and 

percent of time each individual spent talking in a conversation between each other (average per 

dyad is 50%). The final variable type is a mixed variable. A mixed variable or observation is one 

that varies both between and within dyads. For example, each member of a dyad may vary on 
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how extraverted they are. Similarly, some dyads may contain members that are both extraverted 

or both introverted. 

 Current Study Design. While the design of the current study includes all three variable 

types, the predominantly measured IV’s were mixed.  

 LEVEL OF MEASUREMENT. Level of measurement is also relevant to the statistical 

analyses of various predictor variables in dyadic data contexts (Kenny et al., 2006; Newsom, 

2002). The basic levels of measurement include nominal, ordinal, interval, and ratio data 

(Stevens, 1946). Nominal data is both qualitative and categorical. With this type of data, no 

meaningful rankings exist. For instance car type (SUV, sedan, truck, car) is a nominal variable. 

Ordinal data is also qualitative and categorical, but it can be ranked. An example of an ordinal 

variable is age categories (infant, child, adolescent, adult, senior). While the categories can be 

ranked, there is no concrete numeric information to understand relative distance. Interval data is 

numeric and the rankings involve meaningful distance. An example of an interval variable is 

rankings on self-esteem (from 1 to 7). If Reese ranked herself a 6 on self-esteem and Rick ranked 

himself a 4, then we know that Reese is two units higher on self-esteem than Rick. We can also 

conclude that Reese and Rick are the same distance away from each other as Doris (2) and Dan 

(4). It cannot be said, however, that Dan has twice as much self-esteem as Doris because there is 

no true zero (i.e., one cannot have zero self-esteem). Finally ratio data is both numeric and has a 

true zero. And example of a ratio variable is height in inches. Height has a true zero and thus 

multiplication can be used. For instance, Janie is 3 feet tall and her father Dave is twice as tall as 

she is at 6 foot.  

 The combination of type of variable (within, between, and mixed) and level of 

measurement necessitates a number of analytic strategies (Kenny et al., 2006).  
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 Current Study. The majority of the predictor and outcome variables in the current study 

are of the interval or ratio level of measurement.  

Dyadic data and accuracy 
 
 Understanding the nature of dyadic interactions is of central interest to many human-

behavior researchers. One of the key components to understanding social dynamics within dyads 

is in identifying how perceptions and judgments are formed between two individuals. For 

instance, how conscientious does Steve’s boss perceive him as? How neurotic does Paul perceive 

his blind date Angela as being? Further, it is interesting to understand the level of agreement or 

accuracy that can be achieved by individuals in a dyad (e.g., Boucher et al., 2008; Kenny et al., 

2010; Markey & Wells, 2002; Okdie et al., 2011). For instance, if Steve’s boss perceives Steve 

as highly Conscientious, does Steve agree? If Paul perceives Angela as low on Neuroticism, is 

she? Or is she just really good at hiding her Neuroticism tendencies on a first date? These 

questions have important scientific as well as pragmatic implications (e.g., Funder, 1995; Swann, 

1984). There are many different research questions that can be posed within the field of accuracy 

research and thus many paradigms and methodologies for analyzing the data have been 

developed. Next, I detail some of the common questions and variables of interest in the study of 

dyadic accuracy.    

 DYADIC INDEXES.  Accuracy often involves measures of correspondence between scores 

within a dyad (e.g., Kenny et al. 2006). This correspondence between scores is referred to as a 

dyadic index or profile similarity. For example, does a husband’s rating of his wife on a Big Five 

measure agree with his wife’s self-ratings on the same measure? Figure 3.1 displays an example 

of such a self-other agreement. Another example of a dyadic index is personality similarity. 

Similarity between members of a dyad is an important predictor for a diversity of interpersonal 
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outcomes such as mate selection (Gebauer, Leary, & Neberich, 2012), relationship satisfaction 

(Decuyper, De Bolle, & De Fruyt, 2012), and social interactions (Cuperman & Ickes, 2009).  

Assumed similarity is also an important predictor in the study of accuracy (e.g., Beer & Watson, 

2008; Cronbach, 1955; Human & Beisanz, 2012; Human & Beisanz, 2011; Papp, Kouros, & 

Cummings, 2010). As previously defined, assumed similarity is a process by which individuals 

use self-knowledge to form impressions of others (e.g., Human & Beisanz, 2011; Human & 

Beisanz, 2012). It is thus important to identify similarity between both the judge’s self-ratings 

and his or her ratings of the target in order to identify its possible influence on accuracy; that is, 

similarity information is needed to distinguish between the possibility that the judge is accurately 

picking up on information about the other person or is simply assuming the person is similar to 

him/herself.  

 

 

 

 

 

 

 

 

 

 

 



 

 34 

Figure 3.1: Self-Other Agreement Profile 

 

Figure 3.1. Profile comparison between Clara's rating of herself on the Big Five traits and Jewel's rating of Clara on 
those same traits. Big Five traits are abbreviated (E = Extraversion, A = Agreeableness, C = Conscientiousness, N = 
Neuroticism, O = Openness).  

 
 Parameters of a profile. A profile contains three key components: level (or elevation) 

spread (or scatter), and shape (e.g., Cronbach & Gleser, 1953, Furr, 2010; Kenny et al., 2006). 

Level is the mean of scores across items. Spread refers to the variation of the profile across 

items. And shape refers to the ups and downs or peaks and valleys of the profile. These three 

elements are used to capture the similarity (or dissimilarity) between two measures of scores.  

 Computations of dyadic indexes. There are many methodologies for computing dyadic 

indexes or correspondence between profiles. Kenny et al. (2006) identifies two broad methods: 

dissimilarity and similarity measures.  Dissimilarity measures, as the name implies, include 

0 

0.5 

1 

1.5 

2 

2.5 

3 

3.5 

4 

4.5 

5 

E A C N O 

Self-Other Agreement Profile 

Clara's self-rating 
Jewel's rating of Clara 



 

 35 

methods of accounting for differences between profiles (Kenny et al., 2006). Examples of 

dissimilarity measures include discrepancy (absolute difference between measures), d2 (sum of 

squared differences between measures), and distance (square root of the sum of squared 

differences). For example, we could examine the discrepancy in measures between Jewel’s rating 

and Clara’s rating. To compute these differences, we could simply subtract Jewel’s rating of 

Extraversion from Clara’s rating of Extraversion and take the absolute value. This process would 

be repeated for each personality variable. To compute d2, we would then square these differences 

between traits. Finally, distance is computed by taking the square root of the sum of squared 

differences across measures (or in this case across Big Five traits). Dissimilarity measures are 

typically employed when the correspondence of all three elements of the profile (shape, spread, 

and level) are of interest.  

 The second method of computing correspondence is with similarity measures. Typical 

similarity measures include Pearson’s product moment correlation, intraclass correlation, 

covariance, and regression. If the researcher’s primary interest is in the similarity between shapes 

of profiles then a correlational approach should be adopted—or a regression approach if a 

predictive relationship is hypothesized (Furr, 2010; Kenny et al., 2006). The most common 

approach in the study of profile similarity is to examine the similarity in the shape of profiles 

(Furr, 2008; Furr, 2010). Using the example from Figure 3.1, we see that the shape of the two 

profiles is very similar (with the slight exception of the Neuroticism score) with a correlation of 

.74. Therefore, we can conclude that Jewel ideographically views Clara’s personality similarly to 

how Clara views herself. In the area of accuracy and similarity shape, rather than elevation or 

spread, has predominately been the correspondence of interest (Furr, 2010).  
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 The problem of normativeness. Normativeness, also referred to more specifically as 

stereotype accuracy (in the context of accuracy research), poses a unique statistical complication 

to the study of profile similarity. Normativeness is the degree to which any one profile correlates 

with the average profile. In terms of our example from Figure 3.1, the normativeness of Jewel’s 

rating of Clara could be computed by correlating Jewel’s rating to the overall profile average of 

all “other” ratings in the sample. In other words, to what degree does Jewel’s rating correspond 

with the average profile of “other” ratings?  Conversely, to what degree does Clara’s self-rating 

correspond with the average “self” profile?  

 Because of this normativeness in self and other ratings, it follows that the correlation 

between any two profiles will be artificially inflated by the inherent correlation of normativeness 

(Furr, 2008; Furr, 2010; Furr & Wood, 2013). In our example, if the level of normativeness is 

high in Jewel’s rating and in Clara’s rating, then the self-other agreement that we see in the 

correlation of their profiles may be largely attributable to normativeness. Additionally, 

normativeness gives rise to concerns about nomothetic questions. Nomothetic questions pertain 

to the entire sample of dyads. One major sample level statistic is the average level of agreement 

across dyads. For example, do average self-other agreements differ across strangers, 

acquaintances, and close others (e.g., Biesanz, West, & Millevoi, 2007)? Between genders (e.g., 

Marcus & Lehman, 2002)? Or, more simply, is the average level of self-other agreement 

between dyads greater than random chance? Normativeness obfuscates the answer to these 

questions because any two profiles are likely to be correlated with one another (e.g., Cronbach, 

1955; Furr 2008) due to the effects of average response patterns in personality questionnaires.  

 Sample vs. pair-level approach. There are a couple of different methods that can be used 

to control for or partial out normativeness (e.g., Furr, 2008, Kenny et al., 2006; Letzring, Wells, 
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& Funder, 2006; Luo & Klohnen, 2005). The first, more traditional method, is a sample level 

approach. With this method, a standard or base-level agreement score is computed in order to 

compare to the observed average agreement. One of the best ways to create a baseline 

comparison is to assess the degree of profile similarity of random pairs (e.g., Kenny et al., 2006; 

Letzring, et al., 2006). After assessing the degree of profile similarity of random dyads pairings, 

a t-test can be used to compare the observed average to the random average. For example, does 

Jewel’s rating of Clara (who he was interacting with) correlate more strongly with what Clara is 

like, than his rating of Clara correlates with what other people (who he was not interacting with) 

are like? If significance is achieved, then it can be concluded that the observed dyads have 

agreement over and above normativeness.  

 The second, more versatile approach to partialing out normativeness involves a pair-level 

strategy (Furr, 2008). This approach allows for the decomposition of the coherent components of 

normativeness, distinctiveness, and similarity. Normativeness, as discussed previously, is the 

correspondence that a profile has with the average profile across the entire sample. 

Distinctiveness is a measure of how similar two profiles are over and above normativeness. For 

instance, how distinctively similar are Jewel’s and Clara’s ratings on the trait of Extraversion for 

Clara? This correspondence would control for the average profile of perceivers (where Jewel’s 

profile came from) and the average profile of targets (where Clara’s profile came from).  

 A componential approach allows for the examination of multiple types of similarity 

within a predictive model. Researchers, particularly in the field of accuracy research, have found 

this approach particularly illuminating (Biesanz, et al., 2007; Furr et al., 2007; Furr, 2008). For 

instance, Furr et al. (2007) discovered that adolescents with Conduct Disorder experienced much 

lower self-other correlations than a control group—both in levels of normativeness and 
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distinctiveness. In this way, Furr and his colleagues were able to rule out normativeness as 

driving the difference between groups. This rather new approach to dissecting variance 

components in profile similarity allows for more diverse and comprehensive research 

questions—particularly in the field of accuracy and personality judgment. 

 Current Study Design. In the context of the present design, I employed both a sample-

level and pair-level approach. The sample-level approach was used in order determine if dyads 

interacting with one another in an online chat could perceive one other accurately at a greater 

than random chance. This analysis would help build on the previous research in this area by 

answering the baseline question of whether or not accuracy can be achieved. As discussed in 

Chapter 2, research on the accuracy of impressions formed in CMC environments has largely 

focused on comparisons approaches (i.e., CMC vs, FtF comparisons) and trait-level approaches 

(i.e., how visible are each of the Big Five within CMC environments).  

 The pair-level approach was also employed in the present study. This approach helped 

me answer a number of questions related to both distinctiveness and normativeness. For instance, 

is accuracy achieved in online chats through normativeness alone (i.e., the reliance on stereotype 

accuracy)? Additionally, are there differences in normativeness between self- and other-ratings 

in online chats? In other words, do perceivers rely on more normative information to rate the 

personality of unacquainted others than they do on rating themselves? These and other questions 

are empirically explored in the next chapter.  
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CHAPTER 4: SELF-OTHER AGREEMENT IN ONLINE CHATS 

Overview  
 
 The current research was undertaken in the context of online chat sessions between 

undergraduate students enrolled in an Introductory Psychology course at the University of Texas, 

Austin. The chats were mediated via an electronic portal, TOWER (Texas Online World of 

Educational Research), designed as a broad interface for a variety of class activities (e.g., in-class 

quizzes, surveys). Before the chat session, participants completed a number of personality 

questionnaires about themselves (e.g., Big Five). Next, participants engaged in a loosely 

structured “getting to know you” chat. After the chat session, participants rated their 

conversation partner on the same personality questionnaires that they had used for self-ratings.  

These data were used to determine the level of self-other agreement (overall, normative, 

and distinctive) between unacquainted dyads in a computer-mediated (CMC) environment. 

Agreement was examined the sample-level (i.e., mean self-other agreement), pair-level (i.e., 

overall, normative, and distinctive agreement), and trait-level (e.g., self-other agreement for 

Extraversion). Additionally, possible predictors of agreement were also explored (e.g., assumed 

similarity).  

Method 
 
 PARTICIPANTS. Participants were 942 (471 dyads) undergraduate students recruited from 

an Introductory Psychology course at The University of Texas at Austin. They were asked to 

participate in the study in exchange for class credit on a writing assignment. The sample was 

62.2% female and 31% male (6.8% missing data for gender). In terms of ethnicity, participants 

were 48.6% Anglo/White, 22.1% Hispanic/Latino, 13.9% Asian/Asian American, 5.2% African 
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American/Black, and 3.2% other (6.8% missing data for ethnicity). Participants ranged in age 

from 17.44 to 50.46 (Mean = 19.28, SD = 1.82).  

 Excluding cases. Participants were excluded from the study for a variety of 

reasons. If one participant was removed then necessarily the entire dyad was excluded from the 

study. The study began with a total of 1,136 individuals (568 dyads). Fifty-eight dyads were 

excluded for the following errors/complications: 1) the chat software paired more than two 

individuals in a chat room (39 dyads) 2) A conversation partner was unresponsive (e.g., walked 

away from the computer; 5 dyads) 3) The participants were already acquainted (thus having 

access to additional cues for forming personality impressions; 3 dyads) 4) Participants did not 

properly complete the personality inventory (pre or post) or had too much (5 or more responses) 

missing data (9 dyads) 5) Other technical difficulties (e.g., the software recorded a trial run of the 

experiment; 2 dyads).  

 A conversation in which one member of the dyad spoke fewer than fifty words poses 

problems analytically. First, it signals that the individual may not have been taking the 

experiment seriously (i.e., not truly attempting to “get to know” the other participant). Second, a 

transcript with fewer than fifty words does not provide enough linguistic variation to offer strong 

reliability in statistical analyses (e.g., linguistic style matching). Therefore, dyads were excluded 

if one of the conversation partners typed fewer than fifty words; this criterion resulted in the 

additional exclusion of 34 dyads.  

 Last, to identify participants who responded carelessly, I computed a number of statistical 

indices to flag careless or random responding. Through the course of the experiment, participants 

filled out personality questionnaires about themselves (self-ratings) and their conversation 

partner (other-ratings). I computed the standard deviations (SD’s) across self- and other-ratings 
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within each individual. I then computed the mean and SD of all the self-rating SDs (mean = 1.52, 

SD = .29) and other-rating SD’s (mean = 1.32, SD = .344).  If any individual’s self or other 

rating was 3 SD’s above or below the mean SD, then he/she was excluded from further analysis. 

Specifically, to identify participants who were responding randomly (i.e., high SD’s), I excluded 

those with SD’s above 2.39 for self-ratings (Mean of 1.52 plus 3 SD’s) and above 2.35 (Mean of 

1.32 plus 3 SD’s) for other-ratings. This criterion excluded 2 dyads. To identify participants who 

were giving virtually the same response for every item (i.e., very small SD’s), I excluded those 

with SD’s below .65 for self-ratings (Mean of 1.52 minus 3 SD’s) and below .29 for other-

ratings (Mean of 1.32 minus 3 SD’s). This criterion excluded an additional 3 dyads.  

 TOWER. The study was conducted in the online chat platform developed by the Texas 

Online World of Educational Research (TOWER). TOWER is a multifunctional computerized 

system that was developed at The University of Texas at Austin. It is a classroom tool that has 

essentially streamlined in-class test taking, surveys, class activities, and more. It has also enabled 

the storage of massive amounts of data for educational and psychological research projects.  

 The current study was incorporated as a class assignment in an introductory psychology 

class that was using TOWER. Participants were able to log on to the system remotely during a 

range of times after class (across the span of two days). Once logged on, individuals were 

randomly paired with another student to complete the study.   

 PRE-CHAT MEASURES. After logging on to TOWER and reading the questionnaire 

instructions, participants completed personality measures about themselves. Additionally, 

demographic measures (e.g., gender, age) had previously been collected during the course of the 

semester.  
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 Demographics. Participants were asked to report age, gender, and ethnicity (frequencies 

and percentages reported above).  

 Personality. Big Five. The Big Five personality dimensions were measured using the 

Ten Item Personality Inventory (Gosling, Rentfrow, & Swann, 2003). The TIPI is a scale 

designed to reliably and efficiently measure each of the domains of the Big Five. Participants 

were instructed to rate 10 short items on a 5-point scale from 1 (strongly disagree) to 5 (strongly 

agree). The TIPI was ideal for this study for a few reasons. First, it is very brief and can be 

completed in less than 5 minutes (e.g., Gosling et al., 2003). This was a benefit for the current 

study because time was limited due to the nature of the data collection. Participants had to 

complete the TIPI and other measures for themselves and another individual. Additionally, they 

engaged in a ten-minute chat with a stranger. To avoid fatigue and careless responding, the TIPI 

appeared to be the best option for measuring the Big Five.  

 Second, although the TIPI is brief, it has demonstrated acceptable psychometric 

properties (e.g., convergence with the full scale, test-retest reliability) in comparison with longer 

Big Five measures (e.g., Gosling et al., 2003).   

 Reliabilities (Cronbach alphas) for self-ratings and partner-ratings (or pre-chat and post-

chat) were .74 and .73 respectively for Extraversion, .40 and .50 for Agreeableness .58 and .65 

for Conscientiousness, .74 and .54 for Neuroticism, and .49 and .55 for Openness. Though these 

numbers may seem low, they are actually within a normal range for the TIPI. One reason for 

lower reliability is that the TIPI only contains two items per scale—thus producing low internal 

consistency. Another reason for the lower reliability is that the creators of the scale wanted to 

provide breadth of measurement for each of the dimensions. They selected items that would 

capture multiple facets of the Big Five—thus further deflating internal consistency (Gosling et 
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al., 2003). Despite the low internal reliability of the scale, other forms of reliability (e.g., test-

retest) have proven comparable to longer scales (Gosling et al., 2003).   

 Values. Personal values were measured using the Ten Item Values Inventory (Sandy, 

Gosling, Koelkebeck, & Schwartz, in prep). Basic human values (e.g., Bardi & Schwartz, 2003; 

Schwartz, 1992, Schwartz & Bardi, 2001) have been identified across a wide range of cultures 

(Schwartz & Boehnke, 2003) and are known to predict a number of important outcomes such as 

political attitudes and voting behavior (Schwartz, Caprara, & Vecchione, 2010), alcohol 

consumption (Dollinger & Kobayashi, 2003), and pro-environment behavior (Grunert & Juhl, 

1995; Schultz & Zelezny, 1998).  

 Values have demonstrated strong predictive validity but their prominence in the study of 

human behavior and psychology has been limited in comparison to other individual differences 

such as the Big Five (Sandy et al., in prep). In particular, their study in the domain of accuracy 

research has been virtually absent (Brandlmayr, 2008). To promote the expansion of the study of 

values and to further understand their predictive nature, I included them in the current study.  

The inclusion of values in the study of impression formation and accuracy is particularly relevant 

because of the interpersonal nature of values (e.g., Brandlmayr, 2008). For instance, the values of 

another person are likely weight heavily on such decisions as whether to befriend an 

acquaintance. Moreover, values such as Tradition, Benevolence, Stimulation, Power are relevant 

to the dynamics of personal relationships. From a pragmatic standpoint (e.g., Swann, 1984), 

understanding relevant value information about another individual could be potentially important 

for navigating social, familial, or romantic relationships.   

 The ten universal values are universalism, self-direction, stimulation, hedonism, 

achievement, power, security, conformity, tradition, and benevolence. Items on the TIVI present 
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participants with portrait statements about a gender-matched individuals. For example, the 

hedonism item on the TIVI states: “He/she seeks every chance he/she can to have fun. It is 

important to him/her to do things that give him/her pleasure.” The participants rated how much 

like that person they thought they were on a scale from 1 (not like me at all) to 6 (very much like 

me).   

 The TIVI provides strong convergent validity with the longer standard measures of 

values (i.e., Portrait Values Questionnaire; Schwartz et al., 2001) and acceptable reliability while 

also offering brevity and ease of use. Internal consistency could not be computed for the TIVI 

given that it only contains one item per dimension.  

 Other Single-Item Personality Measures. I was interested in seven other individual 

differences: Happy, Intelligent, Attractive, Arrogant, Political Liberalism, Depressed, and Self-

Esteem. I was particularly interested in these traits for two reasons. First, they have been 

consistently and extensively studied in past work on accuracy and impression formation (e.g., 

Beer & Watson; Naumann et al., 2009; Vazire, 2010; Yarkoni, 2010). This previous work 

establishes a comparative and generalizable framework for new results. For example, Naumann 

et al. (2009) found that observers could accurately perceive individuals’ level of Self-Esteem 

based on a target’s physical appearance. In another study, Yarkoni (2010) found that political 

liberalism was associated with a number of LIWC categories (e.g., negatively correlated with 

social reference words, negatively correlated with positive emotion words).  

 Second, like values, all of these traits have important implications for interpersonal 

interactions. For example, individuals with low self-esteem tend to have lower relationship 

satisfaction in general (e.g., Tackett, Nelson, & Busby, 2013). Additionally, attractiveness and 

intelligence both have a positive relationship with the desire to befriend or date another 
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individual (e.g., Black, 1974). The appeal (or lack thereof) of these particular traits has important 

implications for the initiation and/or maintenance of interpersonal relationships. It is therefore 

important to gain a further understanding of how these traits are perceived by observers.  

 Due to time constraints, each construct was measured with a single item. Self-esteem was 

measured using the Single-Item Self-Esteem Scale (SISE; e.g., Robins et al., 2001). The item (“I 

see myself as someone who has high self-esteem.”) is rated on a 7-point scale from 1 (disagree 

strongly) to 7 (agree strongly). The six other individual difference constructs started with the 

following item stem: “I see myself as someone who…” Participants responded on a 7-point scale 

from 1 (disagree strongly) to 7 (agree strongly).  

 Past research on these traits has revealed that the use of a single item for measurement is 

psychometrically acceptable and thus have been used in numerous studies (e.g., Happy: Abdel-

Khalek, 2006; Vazire, 2010; Intelligent: Paulhus, Lysy, & Yik, 1998; Vazire, 2010; Attractive: 

Robins, Hendin, & Trzesniewski, 2001; Vazire, 2010; Arrogance: Vazire, 2010; Political 

Liberalism: Naumann et al., 2009; Vazire, 2010; Depression: Pantilat, O’Riordan, Dibble, & 

Landefeld, 2012; Vazire; 2010; Self-Esteem: Naumann et al., 2009; Robins et al., 2001; Vazire, 

2010). 

 CHAT. Once the participant submitted self-questionnaires, TOWER randomly placed the 

individual in a chat room with another person. The participant was shown the following 

instructions before entering the chat room: 

 “When you click ‘Next’, you will be randomly placed in a chat room with one of your 
 classmates. Once you have been matched with someone, you will spend the next 15 
 minutes talking with that person. Use this time to get to know one other. You are not 
 limited to a particular topic of conversation. Try to keep chatting with one another for the 
 full 15 minutes. When you are finished, you will be asked to answer some questions 
 about the interaction and about one another.” 
 
In addition to these instructions, participants saw a reminder at the top of the chat room:  
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 “Please introduce yourselves and spend the next 10 minutes trying to get to know one 
 another. Do your best to chat for the full 10 minutes.” 
 

After the interaction timed-out, each participant was asked to complete a post-chat questionnaire. 

 POST-CHAT MEASURES. Participants rated their interaction partner on all of the same 

demographic and personality questionnaires that they originally completed about themselves.  

 Interaction Rating Questionnaire (IRQ). Participants were also asked to rate the 

quality of the interaction they had with their conversation partner. It was important to gauge 

participants’ opinion about interaction quality for two reasons: 1) to determine if accuracy was 

associated with or affected by the subjective quality of the interaction and 2) to determine if 

other measured facets of the dyad (e.g., Language Style Matching) affected how individuals 

rated the overall quality of the interaction.  

 A slightly adapted version of the IRQ (Niederhoffer & Pennebaker, 2002) was used. This 

questionnaire provides a sense for how well the dyads liked each other and felt comfortable in 

the interaction. The participants were asked to endorse nine items on a scale from 1 (not at all) to 

5 (a great deal).  In order to reduce the scale to dimensions that could be used for predictive 

analyses, I conducted a principal components analysis. KMO measure of sampling adequacy 

(.86) was satisfactory and Bartlett’s Test of Sphericity was significant (approximate Chi Square 

= 3879, p < .001). Based on the scree plot as well as total explained variance (74.8%), three 

components were extracted. To create orthogonal factor scores, varimax rotation was used.  

 Based on item loadings, the three components were named “liking,” “dominance,” and 

“acquaintance” with a total explained variance of 74.8%. The pattern matrix of components can 

be seen in Table 4.1. The derived components scores were saved in the dataset and used for 

subsequent analyses.  
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 External Criteria. One objective external criterion available was the participants’ course 

grade. This variable lacks the potential biases of self-reported personality ratings and can 

therefore be used as an external accuracy criterion. Participants were asked to guess what grade 

they thought their conversation partner would receive in the course. Grade in the course was 

measured with one item (“What grade do you think your conversation partner will receive in this 

course?”). Participants selected from: “A”, “B”, “C”, “D”, and “F.” 

 CORRECTING FOR MULTIPLE COMPARISONS. In this chapter and Chapter 5, several 

linear relationships are tested (e.g., correlations, regression). To reduce the likelihood of Type I 

error in the analyses a correction for significance was used. The Holm-Bonferroni method of 

correction was employed (Holm, 1979). First, for each set (or family) of comparisons, an alpha 

level was determined based on the total number of tests within that set. For example, if there 

were a correlation matrix containing 100 Pearson coefficients then the alpha level of significance 

would be .0005 (or .05/100). Second, the test statistics are sorted from most significant to least 

significant (e.g., p = .06, p = .03, p = .01). Third, a sequential approach is used to compare each 

test statistic with the alpha cut-off—starting with the most significant test statistic. It the first test 

statistic is not significant then the analysis is stopped and all statistics in the set (or family) are 

deemed non-significant. If the first test statistic is significant then the comparisons continue until 

one of the test statistics is non-significant and then the analysis is stopped.  

 Holm-Bonferroni corrections are reported in all tables of comparisons. Results that 

remained significant after the correction are identified by a double cross (‡). It should be noted 

that many of the comparison sets contain a large number of test statistics and thus the corrected 

significance levels are very conservative. Additionally, many of the analyses were conducted to 
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gain a holistic understanding of trends occurring within the dataset. Therefore, some patterns of 

findings were also interpreted at the traditional significance levels (i.e., p < .05). 

Results 
 
 DISTINGUISHABILITY OF DYAD MEMBERS. As mentioned in Chapter 3, it is important to 

establish the distinguishability of dyad members. There are two distinguishing factors in the 

present study: 1) perceiver/target role and 2) gender. The primary outcome variable of interest in 

the current study is self-other agreement. There are a number of theoretical and empirical reasons 

to distinguish self-ratings from other-ratings (e.g., Vazire, 2010). First, the self and other have 

differential access to information regarding the target. For instance, the self has access to internal 

thoughts and motivations that are virtually inaccessible to others (e.g., Paulhus & Vazire, 2007). 

Second, there is a motivational difference between self-judgments and other-judgments (Vazire, 

2010). The self is likely affected by ego-protection motives and others’ ratings may be affected 

by numerous motivational biases (depending on level of acquaintanceship and type of 

relationship; Vazire, 2006; Vazire, 2010). These motivational differences are likely to affect the 

detection and utilization phase of Funder’s RAM (1999). It thus follows that, in the calculations 

of self-other agreement for the present study, dyads should be treated as distinguishable 

contingent upon role as target or perceiver. This strong theoretical and empirical distinction 

dictates that dyads should be treated as distinguishable regardless of whether or not there is a 

statistical distinction between the dyad members (Gonzalez & Griffin, 1999).   

 A second possible distinguishing factor is gender. Due to the large sample population, 

gender of the dyads was not a controlled condition (i.e., assignment of participants was 

completely random). The gender breakdown of the dyads was as follows: 42.5% female-female, 

18% male-male, and 39.1% male-female. The gender make up of the dyads included 83 male-
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male dyads (17.6%), 190 female-female dyads (40.3%), and 176 male-female dyads (37.4%). 

Twenty-two dyads (4.7%) had missing gender information for one or both participants. 

Additionally, dyad gender make-up was coded as same-sex versus mixed-sex. Despite gender 

distinction among dyads, there was no a priori prediction that gender would influence self-other 

agreement. In order to statistically test distinguishability, both the variances and means among 

groups were tested (e.g., Gonzalez & Griffin, 1999; Kenny et al., 2006). The dependent variable 

of interest was overall self-other agreement (The definition and computation of overall self-other 

agreement is outlined in the next section).  

 First, equality of variances among the different dyadic groups was tested. Levene’s test of 

equal variances revealed that the three types of membership (male-male, female-female, male-

female) displayed equal variance (Levene statistic = 1.68, p = .19). For same-sex versus mixed-

sex dyads, variances were also equal, (F = .005, p = .94). Next, mean differences were tested. 

The three groups of dyad types showed equal means across the dependent variable, (F (2, 878) = 

.61, p = .55). The means for same-sex versus mixed-sex were also statistically indistinguishable, 

(t (879) = .938, p = .35).  

 Given these results, I thus moved forward with further analyses by treating the sample 

dyads as exchangeable on the variable of gender and distinguishable on the variable of rating 

role (i.e., self vs. other rating).  

 SELF-OTHER AGREEMENT. To obtain the most comprehensive understanding of the 

phenomenon of impression formation within an online chat setting a variety of methods were 

utilized to evaluate self-other agreement.  

 Sample-level analysis. As discussed in Chapter 3, the sample level approach compares 

the average level of agreement between profiles to a baseline agreement (computed on randomly 
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paired dyads). First, overall profile similarity between self- and other-ratings were computed for 

each dyad on all individual difference variables (i.e., Big Five, TIVI, and single-item traits). Due 

to the distinguishing factor of rating role (self vs. other), the Pearson product-moment correlation 

was used to determine profile similarity. Fisher’s r to z transformation was used to normalize the 

correlations. The resulting mean level of self-other agreement in the current sample was .37.  

 To establish a baseline agreement, I created 942 random pairs (942 is equal to 2N dyads) 

and took the mean of the Fisher-transformed correlations. This process was iterated 100 times to 

produce an overall mean of .35. The random dyad average can then be used as a population mean 

in a one sample t-test, t(941) = 2.16, p = .015. The difference in means between the observed 

average (.37) and the random dyad average (.35) was small yet statistically significant.  

 In addition to the profile similarity approach, I also computed a discrepancy (or 

dissimilarity) measure for the profiles (e.g., Kenny et al., 2006). Discrepancy scores, unlike 

similarity scores that only take into account similarity in profile shape (i.e., the ups and downs of 

the profile), also take into account spread (i.e., variability across items) and level (i.e. mean or 

average value of the scores across items). The measure was computed by adding the absolute 

scale differences between person 1 and person 2 and then dividing by the total number of 

measures (23 for this study) in order to standardize the metric and therefore add interpretability. 

Discrepancy scores for the sample ranged from .46 (most similar dyad) to 4.72 (most dissimilar 

dyad) with a mean of 1.4 (SD = .42). The difference measure was significantly negatively 

correlated with the profile similarity approach (r = -.18, p < .001) indicating that profiles similar 

in shape also tend to be similar in level and spread (the correlation is negative because a low 

discrepancy score indicates more similarity).   
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 Pair-level analysis. The pair-level analysis outlined by Furr (2008) can be used to 

decompose the normative (or stereotype accuracy) effect within the self-other agreement 

paradigm. Overall profile similarity (computed above) is composed of a normative and a 

distinctive profile.   

 Normative agreement. Normative agreement within the current sample was calculated by 

first computing the mean levels on each personality trait within the self-ratings and other-ratings 

thereby creating a normative profile for each group. The normative profiles were calculated 

separately for the two groups because of the distinguishability of the dyads. Mean levels for each 

variable can be found in Table 4.2. Individual profiles were then correlated with normative 

profiles. The mean self-normative profile correlation was .61 while the mean other-normative 

profile correlation was .89. Other-ratings were significantly more normative than self-ratings, t 

(1857.7) = -16.4, p < .001 implying a heavier reliance on stereotypes by perceivers rating other 

targets (rather than themselves). The generalized normative similarity (or agreement between self 

and other normative profiles) was quite high at .93 as is typically expected (Furr, 2008). 

Additionally, there was no significant difference between the self-normative and other-normative 

profile lines [as seen in Figure 4.1, t (21) = .31, p = .76].  
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Figure 4.1: Normative Profiles of Self- and Other-ratings.  

 

Figure 4.1. Normative profile comparison between self- and other-ratings. Self = mean levels of self-ratings for each 
personality trait. Other = mean levels of other-ratings for each personality trait. Big Five traits are abbreviated (E = 
Extraversion, A = Agreeableness, C = Conscientiousness, N = Neuroticism, O = Openness). Intell = Intelligent. 
Attract = Attractive. Assert = Assertive. Arrog = Arrogant. Depress = Depressed. TIVI values are abbreviated (CO = 
Conformity, TR = Tradition, BE = Benevolence, UN = Universalism, SD = Self-Direction, ST = Stimulation, HE = 
Hedonism, AC = Achievement, PO = Power, SE = Security).  

 Distinctive agreement. Distinctive profiles were calculated for each dyad (for both self 

and other) based on the normative profiles. These profiles were created by subtracting each trait 

mean from individual scores on trait ratings for self and other. Following from our example in 

Chapter 3 (Figure 3.1) the distinctive self-other agreement profiles can be seen in Figure 4.2. 

Once the normativeness in Clara’s rating (based on normative profile of self-ratings) was 

removed and the normativeness in Jewel’s rating (based on the normative profile of other-

ratings) was removed, the remaining distinctive profiles were correlated. The correlation 
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between the distinctive profiles in Figure 4.2 is .11, much lower than the original overall 

correlation of .74. Based on this analysis, we can conclude that the original overall agreement 

between Clara’s self-rating and Jewel’s rating of Clara was largely explained by the normative 

response of both Jewel and Clara.  

 By calculating distinctive self-other agreement scores for each dyad member in the study, 

different types of predictions about variation in self-other agreement and overall self-other 

agreement can be made. For instance, are impressions formed in a CMC environment accurate 

solely because of stereotype accuracy? Or is there also distinct (or relational) accuracy? The 

mean Fisher transformed distinct self-other agreement is .03 [t (941) = 3.6332, p < .001]. This 

result suggests that, on average, distinct self-other agreement is small but highly significant. 

Once normativeness was removed for the two roles (i.e., self and other) self-other agreement 

dropped from an average of .37 to .03. This decrease implies a heavy reliance on stereotype 

accuracy within the sample.  

 Additionally, the standard deviation of distinct self-other agreement is .28 implying a 

wide degree of variation around the mean; in other words, participants varied in their ability to 

distinctively perceive their partner’s personality. In the next section, I discuss variations in levels 

of agreement across different traits. Table 4.3 displays the means across for overall self-other 

agreement, distinctive self-other agreement, normative-self profile correlations, and normative-

other profile correlations.  
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Figure 4.2: Distinctive Self-Other Agreement Profile 

 

Figure 4.2. Profile similarity between Clara's rating of herself on the Big Five traits and Jewel's rating of Clara on 
those same traits. Big Five traits are abbreviated (E = Extraversion, A = Agreeableness, C = Conscientiousness, N = 
Neuroticism, O = Openness). 

  

 Trait-level analysis. Another useful way to understand how self-other agreement is 

operating within this sample is to examine it at the trait level (e.g., Markey & Wells, 2002). How 

are traits being viewed and judged differently by perceivers? It is interesting to understand both 

the degree of agreement (i.e., self-other correlation) as well as mean level self-other differences 

(i.e. paired sample t-test). For self-other agreement, the overall correlation between self- and 

other-ratings was computed for each trait. This self-other agreement score provides a sense of 

how “visible” each trait may be in the setting of online chats. Previous research (e.g., Kenny et 

al., 1994; Markey & Wells, 2002) has shown that some traits (e.g.. Extraversion) provide 
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stronger and more frequent cues to detection than other traits (e.g., Narcissism). As can be seen 

in Table 4.4, the significantly visible traits (listed by strength) were Extraversion (.13), Tradition 

(.12), and Political Liberalism (.07). None of the other traits were significantly visible in the 

current sample.  

 Mean level differences between self- and other-ratings provide unique information to 

how impressions in online chats are being formed. Mean differences between the two types of 

ratings can provide a sense of the strength and direction of difference between self-views and 

impression formation by strangers in a chat environment. For example, Markey and Wells (2002) 

found that individuals in online chats were viewed as more extraverted by their conversation 

partners than they viewed themselves. They hypothesized that this discrepancy was due to the 

anonymity of the chat room as well as the ability for Introverts to speak more freely in a CMC 

environment.   

 Paired t-tests were used to evaluate the significance of the mean difference because of the 

statistical non-independence imposed by dyads. Table 4.5 displays the mean differences between 

each variable. In line with the Markey and Wells (2002) finding, perceivers viewed their 

conversation partners as significantly more extraverted than the conversation partners viewed 

themselves (mean difference of .50). Other ratings were also higher on Agreeableness, 

Intelligence, and Self-Esteem. Self-ratings were higher on almost all other variables including all 

of the values (with the exception of Tradition), Attractiveness, Assertiveness, Arrogance, 

Depression, Conscientiousness, Neuroticism, and Openness.   

 Curiously, there was no significant difference for Tradition or for Political Liberalism—

two traits for which there was significant self-other agreement. One possible explanation for this 

phenomenon is that out of all of the self-rated traits, Tradition and Liberalism demonstrated the 
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highest degree of variation (SD’s of 1.77 and 1.79 respectively) being almost two standard 

deviations above the average variance of the other traits. This pronounced variation could 

explain the larger and more significant self-other correlations. That is, Pearson correlations tend 

to be influenced by restriction of range. The correlations coefficient tends to be higher the greater 

the variance in a variable (or the wider the range). Additionally, these traits did not show mean 

level self-other differences—suggesting that the overall magnitude of each trait was being 

perceived similarly by the self and other.  

 Covariates of Self-Other Agreement. Relatively speaking, self-other agreement in the 

current sample was low. I wanted to investigate the possible role of known covariates or biases 

of self-other agreement. Two common variables that have been explored in past research are 

assumed similarity (e.g., Beer & Watson, 2008; Human & Biesanz, 2012; Human et al., 2012; 

Watson et al., 2000) and liking (or positivity; Human et al., 2012; Markey & Wells, 2002; West 

& Kenny, 2011).  

 Assumed Similarity. Assumed similarity is often studied as a covariate or bias of self-

other agreement. Assumed similarity occurs when respondents make their judgments based on 

self-knowledge rather than on cues about the target; for example, assumed similarity could be 

said to occur if Sally’s rating of Oscar was strongly related to her rating of herself. Some 

researchers (e.g., Watson et al., 2000) have argued that assumed similarity contributes to 

spurious self-other agreement in studies of accuracy. Newer research has revealed that, while 

assumed similarity tends to be negatively associated with self-other agreement across traits it 

operates independently at the pair-wise level (Human & Biesanz, 2012). Specifically, distinct 

assumed similarity was found to be uncorrelated with distinct self-other agreement.  
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  I tested the degree of assumed similarity by first calculating the overall (Mean = .39, SD 

= .28) and distinct assumed similarity (Mean =.11, SD = .31) within each dyad (also employing 

Fisher’s r-to-Z transformation on the correlations). Consistent with Human and Biesanz (2012), 

assumed similarity (overall and distinct) was not associated with distinct self-other agreement 

[overall: F(1, 941) = .45, p = .51; distinct: F(1, 941) = .01, p = .93]. Overall self-other agreement, 

however, was positively predicted by overall assumed similarity [F(1, 941) = 165.10, p < .001] 

and to a lesser extent with distinct assumed similarity [F(1, 941) = 4.79, p < .05].  

 Liking. A second common correlate of self-other agreement is liking (e.g., Human & 

Biesanz, 2011; Human et al., 2012). New evidence suggests that liking is marginally associated 

with distinct self-other agreement in initial meetings between unacquainted others. Additionally, 

distinct self-other agreement was found to be a significant predictor of continued positive 

relationship development (Human et al., 2012). Evidence also suggests a significant, yet fleeting 

(i.e., deteriorates as individuals develop their acquaintanceship), relationship between liking and 

assumed similarity.   

 In the current sample, liking was not predictive of distinctive self-other agreement [F (1, 

473) = .06, p = .80] but it was predictive of overall self-other agreement [F (1, 473) = 13.80, p < 

.001]. Consistent with Human et al. (2012), liking was found to be positively associated with 

both overall (r = .21 p < .001) and distinct assumed similarity (r = .14 p < .001).  

 
Discussion 
 
 The purpose of Chapter 4 was two-fold: 1) determine the overall level of self-other 

agreement in a sample of dyads within an online chat setting (at the sample-level, pair-level, and 

trait-level) and 2) evaluate covariates of self-other agreement. 
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 SAMPLE-LEVEL AGREEMENT. The sample-level analysis of self-other agreement revealed 

that the mean level of agreement was only slightly greater than chance. Unfortunately, there have 

been no studies to date that have evaluated profile-level self-other agreement in the context of 

CMC environments. All of the previous studies that have examined accuracy in the context of 

online chats have examined self-other agreement at the trait level only (e.g., Markey & Wells, 

2002; Okdie et al., 2011; Rouse & Haas, 2003). Much of this previous research has shown little 

to no accuracy across traits (e.g., Rouse & Haas, 2003). Though not directly comparable to a 

sample-level analysis of self-other agreement, the lack of agreement among traits indicates that 

there may also be little to no accuracy in profile self-other agreement.  

 Additionally, much of the research on accuracy in CMC environments has focused on the 

comparison between self-agreement in CMC versus face-to-face environments (e.g., Boucher et 

al., 2008; Okdie et al., 2011; Robins, Mendelsohn, Connell, & Kwan, 2004). They have thus 

failed to compare CMC self-other agreement to a baseline level of agreement. It has, however, 

been shown across a majority of these studies that self-other agreement was lower in CMC 

environments than in face-to-face environments (e.g., Okdie et al., 2011; Robins et al., 2004). 

These results supports the present finding of low overall self-other agreement.  

 At first glance, it may seem unusual that the average correlation between random self-

other profiles would be so close to the observed correlation. Upon closer consideration, however, 

it is not necessarily surprising that ratings from such a homogenous sample (i.e., freshman 

college students) would have a relatively high random base rate of agreement. To further dissect 

the variance components of self-other agreement, I utilized a pair-level approach.  

 PAIR-LEVEL AGREEMENT. I calculated both normative and distinctive elements based on 

the self-other profiles (Furr, 2008). The generalized normative similarity, or the level of 
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similarity between the average self- and average other-profile was strong (r = .93). Broken down 

further, it was discovered that normativeness was significantly higher for other-profiles. This 

finding suggests that, overall, members of chat dyads relied more heavily on normativeness, or 

stereotype accuracy, to form impressions of their conversation partners than when completing 

self-ratings. As is often the case in zero-acquaintance settings, stereotypes played an important 

role in the impression formation of targets (Furr, 2008; Gosling et al., 2002; Kenny et al., 2010; 

Kenny & Winquist, 2001).  

 After removing normativeness in self- and other-ratings, distinctive scores for each dyad 

remained. The average distinctive self-other agreement for the sample was small (.03) yet 

significant with a standard deviation of .28. As expected, the overall level of agreement 

decreased once normativeness was controlled for.  

 Is stereotype accuracy enough? As discussed in Chapter 2, proponents of pragmatic 

accuracy (e.g., Swann, 1984) have suggested that “accuracy” is defined by its successful 

utilization in social interactions and decisions. Given the heavy reliance on stereotype accuracy 

in the current sample, was this type of accuracy enough to promote a successful social 

interaction? I conclude based on the highly significant positive correlation between overall 

accuracy and Liking (r = .13, p < .001) that individuals who utilized normative information 

about their partners tended to have more successful and positive interactions. It seems as though 

in zero-acquaintance CMC settings, distinct accuracy is not necessary for experiencing a 

successful social interaction.   

 TRAIT-LEVEL AGREEMENT. To further dissect accuracy in online chats, self-other 

agreement was examined at the trait-level. Both self-other agreement (i.e., correlations) and 

mean differences (i.e., t-tests) were examined for each individual trait in the sample. Significant 
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levels of agreement were found for Extraversion, Tradition, and Political Liberalism. Why might 

these traits rather than others be associated with self-other agreement? Extraversion, 

unsurprisingly, was the most visible trait. Previous research has shown Extraversion to be a 

highly visible (i.e., easily detected) trait in many contexts from physical appearance and clothing 

style (Borkenau & Liebler, 1992) to living spaces (e.g., Gosling, et al. 2002) and online social 

networks (e.g., Gosling et al., 2007). There is also some previous research to suggest that it is 

highly visible within verbal language use (Mehl et al., 2006) and within CMC environments (Gill 

et al., 2006; Markey & Wells, 2002). 

 In terms of Political Liberalism (or Political Orientation), past research supports its 

visibility in the physical appearance of others (Naumann et al., 2009) as well as in brief face-to-

face interactions (Beer & Watson, 2008). Unfortunately, no previous research has examined trait 

visibility of Liberalism within computer-mediated communication or naturalistic language more 

generally.  

 Least clear of the trait findings is why Tradition was more accurately perceived than 

other traits. Unfortunately past research on accuracy has ignored values as important individual 

differences in the impression formation process. One possible explanation is that valid 

conversational cues associated with Tradition, specifically Social Reference (i.e., words 

associated with family and friend relationships), were particularly salient to perceivers. More 

research is needed in order to replicate this effect and unpack it further.  

 Apart from these visible traits, it is also interesting to understand why other traits were 

not significantly perceived at the sample level. The non-significance of the remaining Big Five 

factors is consistent with previous findings in linguistic and CMC accuracy research. Mehl et al. 

(2006) found a significant reduction in the significance of accurate perceptions of Big Five traits 
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in comparison to Extraversion. Gill et al. (2006) found significant accuracy for Extraversion but 

no other traits. Markey and Wells (2002) found significant accuracy for Extraversion and 

Openness but not for the other Big Five traits. Rouse and Haas (2003) found no trait level 

significance for any of the Big Five (including Extraversion).  

 Unfortunately, not enough research (particularly in CMC environments) has been 

conducted on the remaining individual difference variables to draw generalizations about their 

lack of visibility. Hopefully, future research in this area will either replicate the current findings 

or shed light on the conditions for which they may be more accurately perceived in online 

communications. 

 In addition to self-other agreement, mean differences were calculated for each trait using 

paired sample t-tests; these analyses detect whether self-perceptions or other-perceptions are 

stronger for any given trait in the sample. Significant differences were found for almost every 

trait. Other-ratings were higher than self-ratings for Extraversion, Agreeableness, Intelligence, 

and Self-Esteem. One of the most significant differences between self and other was found for 

Extraversion. In line with previous research in online chat rooms (Markey & Wells, 2002), 

individuals were perceived as more Extraverted than they rated themselves. One possible 

explanation for this finding is that the anonymity and detached nature of online chat rooms 

affords individuals who consider themselves Introverted to act in a more Extraverted manner. 

Agreeableness was also rated higher by perceivers. Agreeableness was also rated higher by 

perceivers. It is possible that individuals were acting more agreeable than they normally would 

due to the zero-acquaintance environment. Self-esteem, like some of the other traits (e.g. 

depression), is associated with internal states and thoughts and thus may be underestimated by 

observers. Lastly, mean intelligence was higher for other-reports. Because the study was 
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conducted at a top-ranked university, it is conceivable that the students rested on the assumption 

that their conversation partner was highly intelligent.  

 Self-ratings were higher than other-ratings on almost all other variables including all of 

the values (with the exception of Tradition which displayed a non-significant difference), 

Attractiveness, Assertiveness, Arrogance, Depression, Conscientiousness, Neuroticism, and 

Openness. Some of these variables (e.g., Neuroticism, Depression, Attractiveness) are 

particularly biased against brief as well as CMC conversations. That is, traits that rely heavily on 

internal states such as Neuroticism and Depression are usually not very well perceived by outside 

observers. Typically, the self is the best judge of these types of variables (e.g., Vazire, 2010) 

because they are highly correlated with internal thoughts and emotions—of which the self has 

privileged access. Attractiveness is also a difficult attribute for perceivers to rate in CMC 

environments due to the complete lack of physical cues. It is likely that the self was more 

comfortable endorsing items for which outside perceivers had little to no informed knowledge of 

(e.g., attractiveness, Neuroticism) thus explaining higher mean levels.   

 PREDICTORS OF SELF-OTHER AGREEMENT. Of primary interest were assumed similarity 

and liking. Distinctive self-other assumed similarity was predictive of both overall and 

distinctive self-other agreement. Overall self-other similarity was predictive only for overall self-

other agreement. These findings suggest that assumed similarity played a significant role in 

impression formation among dyads in the online chats. More specifically, the distinctive 

similarity between conversation partners was important for predicting both normative and 

distinctive agreement. The second variable, liking, was only significant in predicting overall self-

other agreement; that is, the more individuals enjoyed their conversation the better they were at 

detecting the overall personality profile of their partner (including levels of normativeness). 
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Interestingly, the distinct similarities between individuals was not associated with greater liking; 

that is, participants who accurately detected distinctive elements about the personality of their 

conversation partner did not enjoy their conversation any more or less than those who did not 

achieve distinctive accuracy. 

 Overall, the current findings suggest that it is possible to form accurate impressions in 

brief online chats with unacquainted others (e.g., Boucher et al., 2008; Kenny et al., 2010; 

Markey & Wells, 2002; Okdie et al., 2011); however, much of this accuracy is due to the fact 

that people judge others based on their broad understanding of what people are like. Distinctive 

accuracy, over and above knowing what people are like in general, was much more modest. 

Further, it was revealed that when making personality judgments perceivers relied more heavily 

on stereotype accuracy when rating others than when rating the self. Two significant predictors 

of self-other agreement were assumed similarity and liking. They were, however, only predictive 

of overall self-other agreement (not distinctive self-other agreement). These findings suggest that 

the normative element within the self-other agreement score is more susceptible to response 

biases than the distinctive element. That is, it seems as though biases are employed more 

frequently when accuracy arises from normativeness or stereotype accuracy.  

 Finally, some variables, particularly Extraversion, Traditionalism, and Political 

Liberalism were more visible in online chats than were other variables. Further, the mean levels 

on the traits differed across self and other-ratings. Specifically, Extraversion, Agreeableness, and 

other positive traits were rated higher by perceivers than the self. More internally focused (e.g., 

depression) and physically biased (e.g., attractive) traits were more highly rated by the self.  

 In the next chapter, I dissect the role that linguistic variables play in the impression 

formation process.  
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 CHAPTER 5: LANGUAGE AND PERSONALITY  

Overview 
 
 A unique aspect of computer-mediated communication (CMC) is that the only cues 

available to perceivers are based on typed text. Conveniently for researchers, this text can be 

coded and analyzed via numerous automated methods. In this chapter, I outline a few of these 

methods and discuss the selection of linguistic cues used for understanding impression formation 

in CMC environments. I then employ a Brunswik lens model analysis to understand which 

linguistic cues are valid (association with “actual” personality) and utilized (associated with 

perceived personality) in online chats. Additionally, I explore the ways in which the 

characteristics of the dyad (e.g., style matching, conversation content) predict accuracy and 

conversation quality (e.g., liking). Last, I end with a discussion of the implication of these 

findings and how they might generalize to other samples and contexts.  

Method 
 
 LINGUISTIC ANALYSES. All of the dyadic text conversations were saved and analyzed to 

isolate linguistic cues and to compute a style-matching index (i.e., LSM).  

 Text files and Linguistic Inquiry and Word Count (LIWC). First, all text files were 

saved in a plain text format (the format required for analysis in LIWC). Each chat transcript was 

then stripped of any headings, dates, names, or other non-relevant information. Next, each 

transcript was separated by speaker (or dyad member). Finally, the corpus of text files was 

processed using LIWC2007 (Pennebaker et al., 2007).  

 In addition to running the text files through the pre-loaded internal 2007 LIWC 

dictionary, an emoticon dictionary was also created. Four major emoticon types were coded for 
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within the text files: 1) smiley faces (e.g., :), :-), : D), 2) frowny faces (e.g., :(, :-(, :’( ), 3) hearts 

(e.g., <3), and 4) surprise faces (e.g., : O, = 0, 0_o). With the growth of computer-mediated 

communication, the use of emoticons has become increasingly common among conversation 

partners (e.g., Holtgraves, 2011; Markey & Wells, 2002; Rouse & Haas, 2003). Emoticons are 

often used to convey the tone, mood, or emotional state of the speaker—a potentially important 

source of information for impression formation (Markey & Wells, 2002). These cues were thus 

coded within the current sample of online chats.   

 Linguistic Style Matching (LSM). Based on LIWC’s calculated percentages of the nine 

basic-level function-word categories (list the 9 here), LSM scores were computed. Once 

computed, LSM essentially provides an index of the correlation between person A’s function 

word use with person B’s function word use. LSM calculation relies on the following formula 

(using prepositions as an example):  LSMpreps = 1 – [(│preps1 – preps2 │)/(preps1 + preps2 + 

0.0001)]. In the formula: preps1 represents the percentage of prepositions used by the first 

person; preps2 represents the percentage used by the second. In the denominator, 0.0001 is added 

to the two preps variables in order to prevent empty sets. The mean of the nine category-level 

LSM scores was computed to attain a composite LSM score bounded by 0 and 1 (Ireland et al., 

2011).  

 Meaning Extraction Method (MEM). The Meaning Extraction Method (MEM; Chung 

& Pennebaker, 2008) was employed in order to determine content components of the chat 

transcripts. Essentially, MEM takes a corpus of text files (i.e. from multiple individuals) in a 

given context (e.g., blog posts, essays, transcribed conversations) and, based on the co-

occurrences of words, identifies meaningful content components. These components typically 

elucidate certain trends or themes within a given context. For instance Wolf, Chung, and Kordy 
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(2010) identified nine major themes from the emails of patients who had just undergone 

psychotherapy. Some of the themes included life decisions/coping, relationship conflict, and 

exercise/diet. These content components can then be used to predict other behavioral outcomes 

(e.g., future therapeutic outcomes).  

 MEM follows a three-step process. First, the transcripts were run through a word 

counting software called WordSmith to get an overall count on the most frequently used words 

in the entire corpus. For the purpose of this analysis, only content words were counted (i.e., 

function words such as pronouns, articles, and prepositions were excluded).  

 Second, based on the most frequently used (an average rate of 3% across transcripts) 

content words (i.e., nouns, regular verbs, adjectives, and adverbs), a custom LIWC dictionary 

was created. LIWC relies on a dictionary-based approach to count words within each transcript 

and create percentage categories (e.g., 5% of Jim’s total word use contained the word “I”). 

Specialized dictionaries can then be created based on particular samples or particular 

conversation topics (e.g., Medical procedure, Psychological theory) in which the user wants to 

understand percentage use in particular categories other than the default 2007 LIWC dictionary 

(Pennebaker et al., 2007). In the case of MEM analysis, the dictionary is created with each 

category based on a frequently used word (e.g., study) and all of its root forms (e.g., studied, 

studying, studious).  

 Third, the corpus of transcripts was run through the custom LIWC dictionary to get an 

overall percentage of word used for each content category per speaker. Based on the frequency 

percentages, a dimension reduction technique was used in order to determine factors (or 

components) of content use. One basic assumption of MEM is that words or groups of words co-

occur with one another in a naturalistic manner. Following the technique of Chung and 
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Pennebaker (2008), frequencies were converted to binary outcomes (i.e., “0” vs. “1”) to indicate 

whether or not the word was used. This approach departs from a traditional factor analytic 

approach because most words have a modal use of zero—thus providing a binary matrix rather 

than a traditional correlation or covariance matrix. A principal components analysis with 

varimax (orthogonal) rotation was used.  

 BRUNSWIK LENS MODEL. To understand how accuracy is achieved in online chat 

environments, a classic model of cue analysis was employed. As outlined in Chapter 2, Funder’s 

(1999) Realistic Accuracy Model assumes that personality traits are real, tangible characteristics 

of individuals. To achieve accurate judgments about the personality of others one must detect 

and utilize cues that are both relevant and available. The criterion for accuracy in the current 

study is defined as self-reported personality. Additionally, “cues” are defined as coded linguistic 

features of the online chat transcripts. Brunswik (1956) outlined a model that would allow for the 

simultaneous evaluation of cue utilization (cues’ association with perceived personality) and cue 

validity (cues’ association with “actual” personality).  

 Cue Utilization. Cue utilization indexes the degree to which cues available to the 

perceiver are associated with the perceiver’s judgment of some underlying construct. In the 

present study, the cues would be the textual information and the underlying construct would be 

the personality the trait of the partner that the perceiver is judging based on that textual 

information. So cue utilization is the association between the cues (i.e., text) and the judgment 

(i.e., perceptions of partner’s personality). 

 Cue Validity. Cue validity indexes the degree to which cues available to the perceiver 

are associated with the criterion measure of the underlying construct being judged. In the present 

study, the cues would again be the textual information and the criterion measure of the 
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underlying construct would be dyad partner’s self-reported personality. So cue validity is the 

association between the cues (i.e., text) and the criterion (i.e., partner’s self-reported personality). 

 In the present study, I am interested in understanding both sides of the lens model. The 

ability to identify valid linguistic cues to personality, particularly in zero acquaintance situations, 

would allow for quicker and more accurate impressions. This information could be important for 

a number of outcomes. For instance, it could foster a more successful social interaction. In the 

context of selection (e.g., hiring a new employee, selecting a date) it could be useful in quickly 

identifying positive (or negative) characteristics. Cue utilization is also important because it 

provides an understanding of how the speaker’s language is influencing impressions. This 

knowledge could be potentially useful to any person or entity that is interested in how their 

message is coming across to others (e.g., political candidate, advertising agency, job candidate).  

 I am interested in evaluating both sides of the lens to expand upon a relatively small base 

of empirical research in this area. As discussed in Chapter 1, very few studies have examined 

both sides of the lens in CMC studies of accuracy. The few exceptions include Back et al. (2008; 

accuracy of impressions based on email addresses), Rouse & Haas (2003; accuracy of 

impressions based on language use in online chat rooms), and Gill (2003; accuracy of 

impressions formed based on language used in email conversations). 

 Regression Approach. The traditional approach to evaluating cue validity and cue 

utilization has been to use correlations (e.g., between perceptions and cues). More recently, some 

researchers have employed regression models to account for the intercorrelations among cues 

(e.g., Back et al., 2008). I adopted the regression approach using regression models for the 

analyses of cue validity and cue utilization of each personality trait. By grouping the cues 

together in a regression model, I was able to concurrently evaluate the predictive ability of the 
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cues for each side of the lens model. These regression models also allowed for a holistic 

comparison of the magnitude of cue validity and cue utilization of each trait—making it easier to 

evaluate the most visible traits in the online chat environment.  

 The process involved regressing all linguistic cues onto the mean self (cue validity) and 

other (cue utilization) ratings for each personality trait. I then used adjusted R values to interpret 

the extent that cues explained variance within each model (Back et al., 2008). It was important to 

use the adjusted R in this context because it (unlike the unadjusted R) is not erroneously inflated 

by adding new variables to the model. Adjusted R will always be lower than R in multiple 

regression models.  

 Cue Sensitivity. Cue sensitivity is the correspondence between cue utilization and cue 

validity. It indexes the degree to which the cues associated with perceivers’ judgments are 

similar to the cues that diagnostic of the trait being judged. Traditionally, cue sensitivity is 

calculated by computing the vector correlations between cue validity and cue utilization for each 

trait. Following Back et al. (2008) I used the absolute value Fisher r-to-Z transformed vectors to 

compute sensitivity correlations. Using the absolute values provides a more conservative 

estimate of sensitivity. That is, this method does not artificially inflate the correlation by the 

arbitrary direction in which the scales are keyed.  

 Cues. To comprehensively investigate the use of cues in perceptions formed in online 

chats, I analyzed both the style (i.e., LIWC, LSM) and content (i.e., MEM) of language.  

 DYAD ANALYSIS. Also of interest in this study are the ways that dyads use language 

together. In other words, are there aspects of the conversation as a whole (not just language use 

by one person) that relate to better accuracy and/or more successful interactions? For instance, 

do dyads that collectively talk about sports at a greater rate than other dyads have more pleasant 
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interactions? Do dyads that match each other’s language to higher degree tend to perceive one 

another more accurately? To examine variables at the dyad level, linguistic dimensions (higher-

order LIWC, MEM) and personality variables were averaged between interaction partners for 

each of the 471 dyads.  

Results 
 
 LINGUISTIC DIMENSIONS. There are a variety of ways that language can be coded: from 

units as basic as single word use (Yarkoni, 2010) to categories of behaviors (e.g., greeting, 

humor, insult; Rouse & Haas, 2003). For this dissertation, I chose to focus on two types of 

quantitative linguistic use: stylistic and content. Previous research has shown the predictive 

validity of stable stylistic dimensions (e.g., Ireland & Pennebaker, 2010; Küfner et al., 2010; 

Niederhoffer & Pennebaker, 2002; Pennebaker & King, 1999; Pennebaker et al., 2003) as well as 

content dimensions (e.g., Chung & Pennebaker, 2008; Wolf et al., 2010).  

 I also wanted to evaluate these dimensions at two levels. For stylistic dimensions, I 

evaluated individual LIWC categories (e.g., personal pronouns, prepositions, articles) and 

higher-order stylistic categories (e.g., verbal immediacy, making distinctions). For content 

dimensions, I evaluated individual word use (e.g., basketball, music, exams, Chemistry) and 

higher-order components (e.g., interests/activities, studying). The lower order dimensions 

provide a more qualitative portrayal of how personality is expressed through language in online 

chat rooms. The higher-order dimensions provide a more categorical and hopefully generalizable 

analysis of the language.   

 LIWC. As described in the methods section of this chapter, each transcript was formatted 

and then analyzed with LIWC. After excluding participants based on the criteria laid out in 
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Chapter 4, the sample totaled 942 transcripts (471 dyads). Descriptive statistics can be reviewed 

in Table 5.1.  

 Higher-Order Stylistic Dimensions. Reducing the LIWC categories into higher order 

dimensions increases both the manageability and interpretability of findings. Based on previous 

findings, I decided to compute six dimensions—all of which have empirically demonstrated 

robust reliability as well as predictive validity (e.g., Hancock et al., 2007; Lee, Kim, Seo, & 

Chung, 2007; Pennebaker et al., 2003). The dimensions include: 1) Verbal Immediacy, 2) 

Making Distinctions, 3) Social Reference, 4) Positivity, 5) Categorical-Dynamic Index (CDI), 

and 6) Relative Status.  

 The first dimension, Immediacy, was calculated by averaging the following LIWC 

categories: first-person singular, auxiliary verbs, present tense, articles (reversed), and big words 

(reversed). Markers of verbal immediacy include a personal and informal tone and speaking in 

the present tense more frequently. It is known to be associated with higher levels of 

conversational engagement (Cegala, 1989), lower levels of achievement motivation (Pennebaker 

& King, 1999), lower Openness (Pennebaker & King, 1999) and generally more informal 

conversational contexts (Pennebaker et al., 2003). Alpha reliability in the current sample was .42.  

 The second dimension is Making Distinctions. This dimension is computed by averaging 

the following LIWC categories: discrepancy, exclusive, tentative, negations, and inclusive 

(reversed). Making Distinctions is marked by using tentative language and qualifying statements 

(e.g., “He went to the book store, but not before he stopped to help a turtle cross the road.”) It is 

a dimension known to be negatively related to Conscientiousness and Extraversion (Gill, 2003; 

Pennebaker & King, 1999). It has also been shown to be negatively associated with need for 

affiliation (Pennebaker & King, 1999). Alpha reliability in the current sample was .36.  
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 The third dimension of Social Reference is simply defined as the sum of the social 

processes categories of LIWC: family, friends, and humans. Social Reference is categorized by 

referring to personal and social relationships. It is known to be negatively associated with need 

for affiliation and positively associated with need for achievement (Pennebaker & King, 1999). It 

also positively associated with both Extraversion and Agreeableness and negatively associated 

with Openness and Liberalism (Yarkoni, 2010). Alpha reliability in the current sample was .12.  

 The fourth dimension, Positivity, is computed by averaging the positive word and 

negative word (reversed) categories. Positive language use is associated with higher levels of 

Extraversion and Agreeableness (Holtgraves, 2011; Kufner et al., 2010; Yarkoni, 2010) and 

lower levels of Openness (Yarkoni, 2010) and Neuroticism (Pennebaker et al., 2003). Positive 

emotion words are also associated with age (Pennebaker et al., 2003) and health (Danner et al., 

2001; Pennebaker et al., 2003). Positivity is also negatively associated with need for achievement 

(Pennebaker et al., 2003). Alpha reliability in the current sample was .10. Below are excerpts 

from two chat conversations—one high and one low on the dimension of Positivity.  

Excerpt 1: High Positivity (Scale score = 13.44)  
A: that's awesome! did you like the class? 
B: Yeah I do. It's hard but it taught me how to study really well... 
A: for sure 
B: So where are you from? 
A: San Antonio 
B: Oh ok cool. 
A: what about you? 
B: Richmond, Virginia haha 
A: oh wow! so why'd you choose Texas? 
B: I really liked it when I visited. My college counselor suggested it because I  
 wanted a big city school. 
B: Austin is awesome 
A: it's a great place, i agree 
B: Yeah I'd like to visit San Antonio though. I've heard it's cool too. 
A: it's a nice place to visit, especially the riverwalk. there's lots of good food 
  and it looks really nice 
B: Yeah I heard about the riverwalk in my architecture class lolz I wanna see  
 it 
A: hahaha really? it's nice, especially right now with the lights and such 
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B: The lights? 
A: they put up christmas lights on all the trees 
B: Oh! Haha yeah, I love christmas lights 
 
Excerpt 2: Low Positivity (Scale score = .54)  
A: I used to be Computer Science, but after my first semester I decided that I didn't  
 really want to do that 
B: same, but im transferring to apparel and design 
A: Ahh 
A: I've been thinking of switching to something else like Communications 
A: but I'm not entirely sure yet 
B: alot of my friends are in that and its actually pretty hard, i was surprised 
A: Really? That's a bummer 
A: What year are you? 
B: but yeah, i really want to do interior design but the architecture school is so  
 difficult to get into 
B: freshman, you 
A: Sophomore 
A: I know a girl in Architectural Engineering 
A: I've never met someone so stressed out about schoolwork 
B: i bet she has no life 
A: Pretty much 
B: hah that'd suck 
A: I think she spends at least 5 or 6 hours every day in her studio doing work 
B: this is the weirdest writting assignment ever 
A: Yeah, I know 
A: I had this class my first semester, and eventually failed it because i missed a ton  
 of class, and I don't remember having to do this one 
B: yeah my dad is an architect and he said all he did was sit and studio and watch as  
 all the people passed to go to the parties 
A: Hahaha, that sounds about right 
 

As can be seen in the excerpts above, the individuals with high positivity scores tended to use 

more positive language (e.g., awesome, nice, great) while the individuals low on positivity used 

less positive and more negative language (e.g., bummer, sucks, failed).  

 The fifth dimension, Categorical-Dynamic Index (CDI), was computed with the 

following LIWC formula: (articles + preps) – (ppron + ipron + auxverb + adverb + conjunc + 

negate). Higher scores on this index are an indicator of more concrete and cognitively complex 

thinking. Lower scores are associated with a more dynamic and personal linguistic style. The 

CDI is a relatively newly explored dimension of language but initial analyses suggest a positive 
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relationship with academic performance (Pennebaker et al., in prep). Alpha reliability in the 

current sample was .45. 

 The final dimension, Relative Status, is simply computed by subtracting the “I” word 

usage of person 1 with the “I” word usage of person 2. A negative score is associated with higher 

dominance in the conversation. First-person singular words are often associated lower status, and 

less dominant individuals (e.g., Tausczik & Pennebaker, 2010). For the purposes of analyzing 

dyads, “I” usage is helpful in obtaining an objective measure of conversational dominance. In the 

current sample, Relative Status (in which low numbers indicate high standing) was found, as 

expected, to be negatively correlated with the dominance factor of the IRQ (r = -.11, p <.001). 

 A correlation matrix of all six dimensions can be seen in Table 5.2.  

 Word-Level Analysis. Using the word counting software WordSmith, the entire corpus 

of transcripts was analyzed for frequency of content words (i.e., nouns, verbs, adjectives). After 

limiting word frequency to an average of 3% across transcripts, a total of 214 words were 

selected for further analysis.  

 MEM Dimensions. The top most frequently used nouns, verbs, and adjectives (greater 

than 3% across transcripts) were used to run a principal component’s analysis (PCA). Function 

words (e.g., personal pronouns, articles, prepositions) were excluded. The final analysis included 

124 words (columns) and 942 transcripts (rows). Based on recommendations from Wolf et al. 

(2010), only components with at least three variables with loadings greater than .30 were 

retained. I found that a six-component solution fit this recommendation. A varimax rotation was 

also employed (Chung & Pennebaker, 2008; Wolf et al., 2010). Bartlett’s test of sphericity (p < 

.001) and the Kaiser-Meyer-Olkin measure of sampling adequacy (.60) were satisfactory. Total 
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variance explained for the six components was 14%-- a typical amount when using words as 

variables in the PCA (Chung & Pennebaker, 2008; Wolf et al., 2010).  

 The first component (2.5% variance) included words like “live,” “town,” “Austin,” and 

“Texas” and was thus named the Geographical/Origin component. Below are two excerpts from 

conversations high and low on this MEM dimension.  

Excerpt 1: High Geography/Origin (Component score = 3.11) 
A: so you're a sophmore? 
B: First year :/ 
A: daww~~ 
A: where'd you come from? 
B: A small town called Aledo, it's west of Fort Worth, have you heard of it? 
A: nah but i know ft worth 
A: im from killeen 
A: ft hood 
B: Okay, how far off 35 is that? I pass the exit everytime I drive to Austin 
A: its like an hour away from austin 
A: whats your fav color?? 
B: okay 
B: haha Purple, U? 
A: hmmmmmmmm i like blue lol 
A: do you have any siblings? 
B: Older bro at TCU and a sn. high school sister 
A: middle child eh? lol 
B: haha, if you ask a question, feel free to answer, I am interested, just want to say  
 "and u?" everytime :P 
B: yes, good old middle child 
A: LOL~ im oldest 
B: and the black sheep for going to UT 
 
Excerpt 2: Low Geography/Origin (Component score = -1.70) 
B: hey! whats up 
A: nothing much just got back from lunch with some friends 
A: how are you doing? 
B: oh fun where'd ya go? and just studying for finals...ughhh 
A: we just ate at xx and yep, i know i've been procrastinating cause i really don't  
 want to study for that. 
B: i know same how many do you have?? 
A: what finals are you taking  
A: i only have two, bio and intro to ancient rome what about you? 
B: I'm taking three- my ugs, chem, and intro to ancient rome 
B: omggg you're in it too!!! 
B: have you started?? 
A: omg really??? that awesome, i didn't know you were in that class! 
A: ooh, interesting what ugs are you in? 
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A: and nope, i have to do it today :( 
B: i know same haha have you watched any of the lectures since thanksgiving? 
A: i've watched some but i haven't watch the last like 4 lectures she    
 posted...was studying for that chem test 
B: same! haha how did you do on the thermo test? 
 

As can be seen in the excerpts above, the individuals in the first conversation seemed to focus on 

understanding each other’s personal background and history (e.g., where are you from?, do you 

have any siblings?). Individuals in the second conversation seemed more focused on immediate 

concerns such as studying for finals.  

 The second component (2.4% variance) included words like “play,” “basketball,” “team,” 

“sports,” and “music” and was thus named the Interests/Activities component. The third 

component (2.4% variance) included words like “final,” “luck,” “Saturday,” and “study” and was 

thus named Final Exams. The fourth component (2.4% variance) included words like “room,” 

“number,” “copy,” and “chat” and was thus named Experiment. These were words associated 

with the chat study. The fifth component (2.3% variance) included words like “class,” 

“benchmarks,” “boring,” “interesting,” and “psychology” and was thus named Psychology Class. 

The last factor (1.9% variance) included words like “high school,” “biology,” “med,” and “UGS” 

and thus was named High School/Major. The full rotated component matrix can be seen in Table 

5.3.  

 OVERALL BRUNSWIK ANALYSIS. Brunswik analyses were conducted for both levels of 

linguistic style as well as the higher-order content dimension. This analysis, as previously 

outlined, will shed light on the role that various linguistic cues play in the impression formation 

process.  

 LIWC Dimensions. In the Brunswikian analysis of basic LIWC categories (e.g., 

personal pronouns, articles, prepositions), regression models were used to evaluate cue 
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utilization, cue validity, and cue sensitivity. Adjusted R’s revealed significant cue validities for 

the following traits: Happy, Attractive, Assertive, Arrogant, Liberal, Depressed, 

Conscientiousness, and Openness; and values: Conformity, Tradition, Benevolence, Hedonism, 

Achievement, and Power. Cue utilization and validity was significant for the following traits: 

Extraversion, Agreeableness, Openness, Intelligent; and values: Universalism and Self-Direction. 

No significance was achieved on validity or utilization on the following: Self-Esteem, 

Neuroticism, Stimulation, or Security. Cue Sensitivity (or the correspondence between utilization 

and validity) was significant for the following: Extraversion, Agreeableness, Openness, and 

Tradition.  

 To summarize, cue validities were significant for almost all of the individual difference 

traits measured. Much fewer significant relationships were found for cue utilizations (perceived 

personality). A full list of results can be found in Table 5.4.  

 Higher-Order Stylistic Dimensions. In the Brunswikian analysis of higher-order LIWC 

categories (e.g., Immediacy, Making Distinctions), regression models were used to evaluate cue 

utilization and cue validity. Adjusted R’s revealed significant cue validities for the following 

traits: Assertiveness, Arrogance, Liberal, Depressed, Self-Esteem, and Openness; and values: 

Conformity, Stimulation; Power. Cue utilization was significant for the following traits: Happy, 

Intelligent, and Conscientiousness; and values: Tradition, Benevolence, Universalism, and 

Achievement. The following traits and values were significant for cue validity and cue 

utilization: Assertive, Conformity, Power, Extraversion, and Agreeableness. There was no 

significant cue utilization or cue validity for the following variables: Attractive, Self-Direction, 

Hedonism, Security, and Neuroticism. Cue sensitivity was significant only for: Intelligent and 

Stimulation.  
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 To summarize, it was again found that significant cue validities far outnumbered cue 

utilizations. In other words, stylistic dimensions hold many reliable correlations with personality 

variables. Few of these, however, are being accurately utilized by perceivers. A full list of results 

can be found in Table 5.5. 

 MEM Analysis. In the Brunswikian analysis of higher-order content categories (e.g., 

Interests/Activities, Exams), regression models were used to evaluate cue utilization and cue 

validity. Adjusted R’s revealed significant cue validities for the following traits and values: 

Happy, Tradition. Cue utilizations were significant for the following variables: Agreeableness, 

Conscientiousness, Intelligent, Attractive, Assertive, Self-Esteem, Universalism, Stimulation, 

and Security. Cue utilization and validity were both significant for the following variables: 

Extraversion, Openness, Liberal, Depressed, Conformity, and Self-Direction. Significance was 

not achieved on either validity or utilization for the following variables: Neuroticism, Arrogant, 

Benevolence, Hedonism, Achievement, and Power. Cue sensitivity was significant for: Assertive 

and Agreeable.  

 To summarize, it was found that content dimensions were utilized much more by 

perceivers than stylistic language dimensions. However, there were fewer valid associations 

between content and personality. A full list of results can be found in Table 5.6. 

 CUE-LEVEL BRUNSWIK ANALYSIS. As previously discussed, individual correlations 

between cues and self/other ratings were computed. These correlations were computed to 1) 

provide column vectors in order to gauge cue sensitivity and 2) to get a look at individual 

relationships between cues and personality—both actual and perceived. Several cues were found 

to have significant relationships with personality traits. For example, Agreeableness had valid 

associations with conjunctions (positive), auxiliary verbs (positive), exclamation marks 
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(positive), smiley face emoticons (positive), and positive emotion words (positive). Some of 

these cues were also utilized. Positive emotion words and smiley faces had significant positive 

correlations with other-ratings of personality. There were also a number of utilized, but non-valid 

cues (e.g., personal pronouns, assent words).  

 A full list of results can be found in Tables 5.7 to 5.9 for LIWC cues, Tables 5.10 to 5.12 

for higher-order LIWC cues, and Tables 5.13 to 5.15 for MEM cues.  

 WORD-LEVEL CUE VALIDITY. Cue validity associations were calculated for individual 

words in the sample. Following Yarkoni (2010), I reported the top five strongest word relations 

for each variable. Additionally, the number of significant relationships between words and 

personality traits was reported. This number provides a sense of how many word level cues are 

available for detection for each trait. A full list of correlations and associations can be seen in 

Table 5.16.  

 DYAD-LEVEL ANALYSIS. While it is important to understand individual differences in 

language use, it is also critical to understand how dyads use language—and what can be 

predicted based on this differential dyadic language use. In order to understand aspects of the 

dyad as a whole, between-dyad (varying between dyads, rather than within; e.g., LSM, 

similarity) variables as well as averaged variables (e.g., averaged self-other agreement, averaged 

liking) were examined. 

 LSM correlates. Correlations between LSM (or the degree to which two speakers are 

matching each other linguistically) and the following outcome variables was computed: two IRQ 

dimensions (Liking, Dominance), Overall and Distinct self-other agreement, and Overall and 

Distinct self-other similarity. Table 5.17 displays the full correlation matrix. The only significant 

correlation was with LSM and liking (r = .23, p < .001). This relationship indicates that dyads 
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who, on average, liked each other more tended to match each other’s language at a higher rate 

than individuals who like each other less.  

 Personality correlates. I also evaluated a number of overall dyadic personality 

correlates. Are different dyadic personality combinations associated with certain conversational 

styles or contents? For instance, does a more Extraverted dyad (i.e., both members of the dyad 

are Extraverted) talk more about social relationships? To evaluate these relationships, I 

correlated the dyadic (i.e., averaged across the two participants) personality variables with 

stylistic (i.e., LSM, higher-order LIWC dimensions) and content dimensions (i.e., MEM 

dimensions) of the dyadic conversations.  

 Results revealed that the personality of the dyad yielded a number of strong associations 

between stylistic and content dimensions. For example, the Positivity dimension was positively 

correlated with Agreeableness and Happiness and negatively correlated with Neuroticism and 

Depression. Excerpts from conversations high and low on Positivity can be seen earlier in this 

chapter. More positive language tends to include words like “great” and “nice.” Additionally, the 

Positivity dimension tends to be associated with greater use of smiley faces and exclamation 

marks. It is perhaps unsurprising then that individuals higher on positive dimensions such as 

Happiness would express more positivity in their language with one another.  

 Another example can be seen for the content dimension of Geography/Origin (high/low 

excerpts can also be viewed earlier in this chapter). This dimension was particularly strongly 

correlated with Extraversion, Openness, and Conscientiousness. Conversations higher in this 

dimension were really driven by individuals asking a lot of questions about personal background 

(e.g., “Where are you from?”, “How many siblings do you have?”) as well as making more 

personal disclosures. These conversations seem to be marked by more willingness and 
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motivation to connect with the other person. Conversations low on this dimension tended to be 

more focused on immediate and non-personal concerns such as studying and finals. It thus makes 

sense that more Extraverted and Open individuals would take the opportunity to really connect 

with the other person. The positive relationship with Conscientiousness could be explained by 

the motivation of students to do well on the assignment by trying to find out as much revealing 

information as possible about their partner. They were aware of the fact that they would be asked 

to rate their conversation partner’s personality after completion of the chat.  

 The full matrix of correlations can be found in Table 5.18.  

Discussion 
   
 In this chapter, I explored the various ways in which language relates to personality and 

impression formation in an online chat environment.  

 DEFINING CUES. I started by identifying the level and type of linguistic cues to be 

explored. Two types of linguistic variables (stylistic and content) were analyzed at two different 

levels. Stylistic cues were analyzed at the lower level with basic LIWC categories and at the 

higher-level with dimensions (aggregated) of LIWC categories. Content cues were analyzed at 

the lower level with single non-function words (i.e., adjectives, nouns, verbs) and at the higher 

level with higher-order content dimensions (derived by MEM).  

 BRUNSWIK REGRESSION MODELS. Next, I used regression models to estimate three 

elements of the Brunswik lens model: cue validity (relationship between self-rated personality 

and cues), cue utilization (relationship between other-rated personality and cues) and cue 

sensitivity (correlation between cue validity and cue utilization). I conducted analyses for lower-

order and higher-order LIWC categories as well as higher-order content dimensions. Results 

revealed a mix of significant findings for validity, utilization, and sensitivity across the different 
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categories of cues. Later, I discuss cue-level associations with personality (e.g., Agreeableness 

with positive emotion word usage).  

 Lower-Order LIWC Cues. Results from the basic LIWC cues revealed significant cue 

validity for almost every personality variable (excluding Self-Esteem, Neuroticism, and 

Stimulation). This finding is consistent with previous research that has shown personality to be 

significantly correlated with numerous LIWC categories (e.g., Yarkoni, 2010). Less pervasive 

was significant cue utilization (6 out of the 22 traits) and sensitivity (4 out of 22). Notably, 

utilization was significant for Intelligence, Extraversion, Agreeableness, and Openness meaning 

that perceptions of personality were related to various LIWC categories. Of these variables, only 

the Big Five traits also achieved cue validity and sensitivity. These results imply that, for 

Extraversion, Agreeableness, and Openness, valid linguistic cues were being detected and 

utilized by perceivers in the online chat. However, as was revealed in Chapter 4, significant self-

other agreement was achieved for Extraversion but not for Agreeableness and Openness. It is 

thus concluded that, for Extraversion, perceivers utilized valid linguistic cues to achieve 

accuracy in the online chat environment.  

 Higher-Order LIWC Cues. Brunswik regression models were also conducted for the 

higher-order derived LIWC dimensions. Of the traits for which there was significant accuracy in 

the sample (i.e., Liberalism, Tradition, Extraversion), Extraversion and Tradition showed 

significant cue validities meaning there was a significant relationship between self-reported 

personality and higher-order LIWC dimensions. Again, Extraversion was the only accurate trait 

that had significant cue utilization and validity.  

 Of the twenty-two personality variables measured, twelve displayed significant cue 

validity values. Eleven variables displayed significant cue utilizations (five overlapping with 
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validity). And finally, two variables had significant cue sensitivities (one overlapping with cue 

validity). Though there were fewer valid associations among higher-order LIWC dimensions 

(than basic LIWC categories), there was a higher significance of cue utilizations. It is possible 

that these broader categories of language use were more detectable to perceivers than lower-

order LIWC categories.  

 MEM Cues. Lastly, higher-order content dimensions were examined with the Brunswik 

regression models. For Liberalism and Extraversion (two of the accurately perceived traits), there 

was significant cue validity and utilization. Tradition displayed significant cue validity but no 

utilization.  

 In terms of overall cue validity, eight of the twenty-two traits had significant values. Cue 

utilization, on the other hand, was significant for fifteen traits—the highest of all the categories 

of linguistic variables. Interpreted in terms of Funder’s Realistic Accuracy Model, it seems that 

content categories provided the most available and detectable cues to personality. In other 

words, content rather than style was more closely related to perceptions of others in an online 

chat environment.  

 Taken together, it seems that although there are many valid cues to personality in typed 

text conversations, few of these cues are being detected or utilized in a manner to achieve 

judgmental accuracy by perceivers. This finding is consistent with previous studies on 

impression formation in online chat rooms that have found weak to non-significant trait-level 

accuracy (e.g., Markey & Wells, 2002; Okdie et al., 2011; Rouse & Haas, 2003).  

 Limitations of the Lens Model Approach. There are a few drawbacks to the lens model 

approach that may help explain some of the inconsistencies in results. One of the drawbacks is 

that it rests on the assumption that accuracy is indirectly achieved by the utilization of valid cues 
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(West & Kenny, 2011). It is also presumed that when accuracy is achieved, that this accuracy is 

fully mediated by cue utilization. As was seen in the results of the lens model analysis, it is not 

always the case that valid cue use led to accurate judgment. For example, significant 

relationships were found the Big Five traits of Agreeableness and Openness for LIWC cue 

utilization, validity, and sensitivity. However, self-other agreement for these variables was not 

achieved. Conversely, it is also the case that accuracy can be significant without the presence of 

cue utilization as was the case for Political Liberalism. The assumptions of the Brunswik model 

rest largely on the fact that all relevant cues in the judgment environment have been coded.  

 It is probable that there were many detectable cues that were not coded in this study. For 

instance, I did not examine chat latencies (or the degree to which people paused between the 

exchange of chat messages). Temporal dimensions of conversation have been previously shown 

to have an effect on impression formation (Boltz, 2005). Additionally, I strictly employed 

computerized techniques for the coding of cues (i.e., LIWC, WordSmith, MEM). Some previous 

work has utilized human coders to rate holistic aspects of writing style. For instance, Kufner et 

al. (2010) had trained raters code creative writing essays for things like how happy, aggressive, 

warm, and fluent the story was. There are also aspects of the interaction itself that go beyond 

simple word use. For instance, how funny were the conversation partners? It is possible that 

some of these cues had an effect on accurate impression formation. In the future, researchers 

could explore the possibility of having independent raters code computer-mediated chats for 

more qualitative elements of online interactions.  

 BRUNSWIK CUE-LEVEL ANALYSIS. In addition to the regression-based approach 

described above, I also computed traditional (Brunswik, 1956) validity and utilization 

correlations for each category of linguistic cues (i.e., LIWC, higher-order LIWC, MEM). The 
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purpose of this analysis was to 1) create column vectors for cue sensitivity calculations and 2) 

get a closer look at the specific cues that may be driving the validity and utilization effects. The 

full results of these analyses can be examined in Tables 5.7 to 5.15. Below I discuss some of the 

more interesting overall findings. I discuss the findings in terms of valid correlations—that is, 

what was correlated with actual personality. If the finding was also utilized, I indicate that 

parenthetically.  

 Lower-Order LIWC Cues. There were several significant relationships between LIWC 

categories and the twenty-two measured personality variables. One particularly interesting group 

of cues was punctuation. In text-based conversations users will often employ characters to form 

“emoticons” in the absence of face-to-face emotional reaction (e.g., Rouse & Haas, 2003). 

Smiley face emoticons were validly, positively associated with the Big Five trait of 

Agreeableness and the values of Benevolence and Universalism—all variables associated with 

friendly behavior. The smiley face emoticon was also utilized by observers for these traits.   

 Another common form of punctuation is the exclamation mark. Often, it is used to 

express excitement, surprise, or positivity. In the current sample it was validly related to 

Extraversion and Agreeableness (positive correlation; utilized for both), Conformity, Tradition 

and Benevolence (positive correlations; utilized for Tradition), and Happiness (positive), 

Arrogance (negative), Liberalism (negative), and Depression (negative). Exclamation marks 

were associated with more positive and outgoing personality variables.  

 A full list of findings for LIWC categories can be found in Tables 5.7 to 5.9.  

 Higher-Order LIWC Cues. Higher-order LIWC variables were also analyzed: 

Immediacy, Making Distinctions, CDI, Relative Status, Positivity, and Social Reference. 

 Immediacy (marked by more first person singular words and present tense and less 
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frequent use of articles and big words) was negatively correlated with Openness and Intelligence 

and positively correlated with Conformity, Tradition, Benevolence, and Universalism (none 

utilized). Pennebaker & King (1999) also found a significant negative correlation with Openness 

suggesting that less Open individuals use more simple and immediate language. The values 

correlations with Immediacy also tend to be negatively associated with Openness (e.g., Roccas, 

Sagiv, Schwartz, & Knafo, 2002).  

 The second dimension, Making Distinctions, was negatively correlated with Extraversion 

(also utilized). This relationship is also in line with previous findings that indicated a negative 

relationship with Extraversion (Gill, 2003; Pennebaker & King, 1999).  

 The third dimension, CDI, was negatively correlated with Areeableness and 

Conscientiousness, and positively correlated with Openness (also utilized), Intelligence, and 

Arrogance. Consistent with previous research, CDI seems to be related to a higher level of 

Intelligence (Pennebaker et al., in prep).  

 The fourth dimension, Relative Status, was negatively correlated with Assertiveness and 

Self-Esteem. This finding indicates a positive relationship between conversational dominance 

and levels of Assertiveness and Self-Esteem.  

 The fifth dimension, Positivity, was positively correlated with Agreeableness, 

Conscientiousness, Benevolence, and Happiness and negatively correlated with Neuroticism and 

Depression. Unsurprisingly, this dimension was associated with positive personality variables. 

This association is supported by previous language research that found positive emotion word 

usage to be associated positively with Agreeableness and negatively with Neuroticism (e.g., 

Pennebaker; Yarkoni, 2010).  
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 The final dimension, Social Reference, was positively associated with Tradition (utilized) 

and Benevolence, and negatively with Intelligence and Liberalism. Tradition and Benevolence 

values are known to be associated with behaviors concerned with personal relationships and the 

well being of others (e.g., Bardi & Schwartz, 2003). Therefore, topics relating to social bonds 

may have been more salient to individuals higher on these value levels.  

 Taken together, many of the current findings are in line with previous research on these 

linguistic dimensions. Interestingly, the types of texts used in previous research were collected in 

different contexts than online chat room settings. They were drawn from college admissions 

essays (Pennebaker et al., in prep), email transmissions (Gill, 2003), blog posts (Yarkoni, 2010), 

and student essays (Pennebaker & King, 1999). This implies a consistency in the relationship 

between stylistic language dimensions and personality across contexts. More research needs to 

be conducted on the linguistic style of online chats in order to further interpret and generalize the 

present findings.  

 MEM Cues. Linguistic content dimensions were also explored within the traditional 

Brunswikian framework. The first content dimension, Geography/Background, was positively 

correlated with Extraversion (utilized) and Benevolence. The second content dimension, 

Interests/Activities, was positively correlated with Stimulation and negatively correlated with 

Depression. The third content dimension, Finals, was positively correlated with Arrogance. The 

fourth content dimension, Intro Psych, was positively correlated with Openness and Liberalism, 

and negatively correlated with Extraversion, Conformity, Tradition, and Happiness. The fifth 

content dimension, Experiment, was positively correlated with Self-Direction. The final content 

dimension, High School/Major, was positively correlated with Power and negatively correlated 

with Openness and Self-Direction.  
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 Taken together it seems that Extraverted individuals talked more about where they were 

from and their personal background. Happy and Agreeable people talked more about activities 

and interests (e.g., sports, music, television shows). And Individuals high on Openness and 

Liberalism talked more about psychological topics and academics.   

 Word-Level Cue Validity. In order to get an idea of the types of word usage associated 

with different personality variables, I conducted an analysis similar to Yarkoni (2010). I first 

selected the top most frequently used words and then correlated them with the measured 

personality variables. In Table 5.16, the top five most used words for each trait are displayed. I 

also counted the number of significant correlations between each trait and the individual words. 

Higher numbers of significant word associations indicate greater number of available cues to 

perceivers. Consistent with the rest of the current findings, Extraversion had the highest number 

of significant word associations. Second highest was Political Liberalism. Tradition had a modest 

number of word-level associations as well.  

 The distribution of significant associations was different from Yarkoni (2010) who found 

that Openness displayed the highest number of word-level associations. I suspect that this finding 

is an artifact of linguistic context. Yarkoni’s text corpus was drawn from a large sample of 

personal blogs. No doubt the diversity and type of content expressed in blogs is different than 

that of brief conversations between a relatively homogenous dyads of undergraduate students. 

Further analyses of this kind should be conducted across different linguistic contexts in order to 

generalize trends and identify patterns.  

 DYAD-LEVEL ANALYSES. One last analysis was completed in order to understand how 

dyads as a whole were using language.  
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 LSM Correlates. Of all of the LSM correlates, liking was the only significant finding. 

The liking variable was a saved component of the Interaction Rating Questionnaire which 

capture the degree to which individuals enjoyed the conversation, liked the other person, and felt 

that the conversation “clicked.” Previous research on linguistic style matching suggests mixed 

findings in terms of predicting the quality of the interaction. Studies involving task-oriented 

conversations such as crisis negotiation (Taylor & Thomas, 2008) and group problem-solving 

tasks (Gonzales et al., 2009) indicate a positive relationship between LSM and interaction 

quality. In contrast to these findings, social interactions via online chats have shown no 

association between LSM and liking (Niederhoffer & Pennebaker, 2002). It has been suggested 

(Ireland & Pennebaker, 2010) that rather than liking, LSM within dyadic conversations is 

associated with level of attention the speakers are paying to each other—or the degree that the 

individuals are seeking to understand one another.  

 In line with Ireland & Pennebaker’s (2010) suggestion, it was hypothesized in the present 

study that higher rates of LSM would predict greater judgmental accuracy. In other words, if 

LSM indicates a greater degree of attention and desire to understand another person, it seems to 

follow that self-other agreement would be positively correlated with LSM. This hypothesis, 

however, was not supported. Instead, liking was significantly related to LSM. One possible 

explanation of this finding is that because the online chat was part of a class assignment, 

participants may have viewed the conversation as a task. If they felt in sync with the other 

person, then they may have viewed the conversation as a success and thus rated it more 

positively.  
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 Research in the area of LSM as well as research on accuracy in CMC environments is 

relatively new. More studies will be needed to fully understand the relationship between LSM 

and accuracy.  

 Personality Correlates. Finally, I examined the intercorrelations of different dyadic 

personality combinations and language dimensions.  

 Stylistic Dimensions. There were a number of significant overall relationships between 

higher-order LIWC dimensions and dyad personality. Most notable were the results for Making 

Distinctions, CDI, and Positivity. Consistent with previous findings at the individual level, 

Making Distinctions was significantly negatively correlated with dyad-level Extraversion. That 

is, on the whole, dyads with collectively greater levels of Extraversion made much fewer 

distinctions in their conversation. Individuals who made more distinctions (e.g., “right now my 

major is math but I’m trying to switch to mechanical engineering”) tended to be more Introverted 

on average.  

 CDI was positively associated with dyad-level Openness and Intelligence. Consistent 

with previous findings at the individual level (Pennebaker, in press), dyads that were collectively 

more Open and intellectual employed more categorical language. This pattern manifests itself in 

conversations that are more cognitively complex and concrete and less dynamic and personal 

(e.g., “okay so it’s the multivariable calculus one?”). Conversations low on this dimension 

tended to focus more on personal stories and action (e.g., “I woke up pretty late and so far I’ve 

just been studying”).  

 Lastly, Positivity was positively correlated with dyad-level Agreeableness, Happiness, 

and Benevolence; and was negatively correlated with Neuroticism and Depression. Dyads with 
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collectively higher emotionally stable and agreeable personality traits used more positive 

emotion words and fewer negative emotion words.  

 Content Dimensions. I also examined the relationship between dyadic personality and 

content dimensions. Several notable relationships were found among personality variables. 

Extraverted dyads (in comparison to Introverted dyads) spoke more about personal background 

(e.g., “Where are you from?”), interests and activities (e.g., “What kind of music do you like?”), 

and choice of major (e.g., “What’s your major? Why did you pick it?”). Dyads high on Openness 

spoke more about psychology, academics, personal background than did those low on Openness. 

Dyads that were collectively higher on Intelligence talked more about finals and class. And 

lastly, dyads who valued Stimulation spoke more about interests and activities than those who 

did not value Stimulation.  

 These findings, along with the higher-order LIWC correlations, indicate that meaningful 

differences in conversation style and content are somewhat dependent on the personality make-

up of the dyad. These results have several important implications. First, varying personality 

combinations could meaningfully influence the ways in which dyads get acquainted. For 

example, let us say that a man and a woman meet for the first time through an online dating 

website. If they are collectively very high on Openness, then their first conversation may be 

tilted towards academic or intellectual topics—thus influencing “getting to know you” cues.  

 Second, significant relationships between personality composition and linguistic style 

could indicate meaningful long-term implications for interaction quality. For instance, more 

Agreeable and Emotionally Stable pairs tended to express more Positivity in conversations. This 

effect could be beneficial to the long-term success of a relationship. There is already some 

research to suggest that Language Style Matching predicts relationship initiation and stability 
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(Ireland et al., 2011). Future research is needed to further understand how matched linguistic 

style and content dimensions may affect relationship quality.  
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CHAPTER 6: GENERAL DISCUSSION 
 
 The goal of this dissertation was to understand the ways in which people form 

impressions of others when communicating via online chat. Additionally, the role of language in 

this process was investigated. Below I review the results of the three research questions posed at 

the beginning of the dissertation.   

Can people accurately judge personality in CMC environments? 
 
 In order to tackle the first question, I employed a diversity of analytic techniques. The 

question of whether or not accuracy was achieved was examined at the sample-level, pair-level, 

and trait level.  Analysis at the sample level revealed that the overall self-other agreement in the 

chats was significant—but only slightly above chance. This finding is partially supported by 

previous work that has shown weaker (in comparison to face-to-face interaction) or non-existent 

self-other agreement in the context of online chats (e.g., Okdie et al., 2011; Rouse & Haas, 

2003).  Overall, self-other agreement levels were only slightly above chance but it was expected 

that any given self-other profile correlation would be greater than zero given the homogenous 

sample of participants.  

 The second analytic technique I employed was a pair-level approach. This analysis 

allowed me to further decompose elements of the self-other agreement. Specifically, I was able 

to examine both normative and distinctive self-other agreement. Interestingly, higher levels of 

normativeness (also referred to as stereotype accuracy within the accuracy literature) were found 

for “other” ratings. This means that observers in the online chats relied more heavily on 

stereotypes to form impressions of others rather than on self-ratings. Consistent with previous 

research in the communications literature (e.g., Tidwell & Walther, 2002), perceivers relied more 

heavily on heuristics and in-group similarities to form impressions. Interestingly, higher overall 
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self-other agreement was associated with more positive interaction ratings (i.e., individuals liked 

one another more). This finding supports the notion that stereotype accuracy may be sufficient to 

facilitate successful first-time social interactions (e.g., Swann, 1984). Perhaps relationship 

accuracy (or distinct accuracy) becomes more important for prolonged social relationships. Some 

evidence for this hypothesis has already begun to emerge in the accuracy literature (Human et 

al., 2012).  

 Despite the low mean distinct self-other agreement correlation (.03), the agreement was 

significantly above zero (p < .001). This finding is somewhat promising given the very short 

amount of time the participants were given to chat with one another. Perhaps a longer 

conversation (or a sequence of conversations) would have allowed for an even greater level of 

distinct agreement within the sample (e.g., Walther, 2002).  

 The final analysis was conducted at the trait level. The goal of this analysis was two fold: 

1) to ascertain which traits were more visible in the online chat environment and 2) to understand 

the directional difference in how targets were rated by the self and other. In response to the first 

goal the following traits were found to be significantly visible in the online chats: Extraversion, 

Political Liberalism, and Tradition. The visibility of Extraversion is consistent with previous 

research in this area (e.g., Gill et al., 2006; Markey & Wells, 2002). The other two traits, 

however, have not been previously studied in the context of CMC environments. More 

examination of their visibility is needed in order to contextualize and generalize these findings.  

 In terms of mean level difference, several traits were perceived differently by the self and 

other. Most notably, Extraversion was perceived as higher by others than the self. Consistent 

with previous research (Markey & Wells, 2002), this finding implies that CMC either enhances 

cues to the level of actual Extraversion in individuals or that individuals behave in a more 
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Extraverted manner in CMC environments than they generally see themselves. Previous research 

on self-other agreement generally suggests that Extraversion is rated higher by the self in face-to-

face environments (Kenny, 1994; Markey & Wells, 2002). More research is needed to further 

shed light on the mechanisms at play for enhanced or dampened perceptions of certain 

personality in CMC environments.  

 LIMITATIONS. There were three potential limitations to the design of the present study. 

The first limitation is related to the sample that I used. My participants were a relatively 

homogenous group of undergraduate psychology students. Because of this lack of diversity, the 

generalizability of my findings is somewhat restricted. For instance, it is conceivable that 

impression formation in CMC environments is different for older samples who have 

generationally different experiences with virtual environments.  

 The second limitation pertains to my accuracy criterion. Due to methodological and time 

constraints I was only able to obtain self-reports in the current study. As has been discussed in 

previous chapters, the self may not be the best source of information on certain traits (e.g., 

intelligence). Ideally, future studies in this area will be able to capture more accuracy criteria 

(e.g., informed other ratings).  

 Lastly, there was some difficulty in disentangling the effect of normativeness (or 

stereotype accuracy) from careless responding. I did not include any motivational or attention 

checks throughout the questionnaires. Careless and random responding was somewhat controlled 

for by evaluating standard deviations in both the self- and other-ratings (discussed in detail in 

Chapter 4). Ideally, future studies will include checks on motivation and attention in order to 

achieve the highest possible quality of data.  
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 FUTURE DIRECTIONS. Future work in the area of accuracy in CMC environments should 

be focused on filling two important empirical gaps. First, more work is needed to understand 

baseline levels of agreement in online chats and CMC environments more generally. Rather than 

focusing strictly on the comparison of CMC versus face-to-face impressions (e.g., Boucher et al., 

2008; Hancock & Dunham, 2001; Okdie et al., 2011), researchers should devote more attention 

to understanding the mechanisms which lead to greater or less sample-level accuracy in the 

context of computer-mediated communications. By employing the methods recently detailed by 

experts in the field of accuracy research (e.g., Furr, 2008; Kenny et al., 2006; Letzring et al., 

2006), researchers can begin to identify meaningful baseline effects of accuracy in CMC 

environments.  

 Second, more research is needed in order to understand longitudinal and contextual 

effects of impressions formed in computer-mediated communication. For instance, it is the case 

that impressions in CMC environments eventually converge with those made in face-to-face 

settings? Perhaps prolonged or more frequent conversations would provide the necessary cues 

for accurate impression formation in this environment. It is known that longer CMC interactions 

are needed to match the number of utterances achieved in face-to-face contexts (e.g., Walther, 

2002). Perhaps ten minutes is simply not enough time to form impressions as accurate as those 

formed in face-to-face settings.  

 Third, previous CMC literature suggests that disclosure of personal information tends to 

be higher within computer-mediated (vs. FtF) contexts. It is believed that the heightened 

anonymity of online communication decreases conversational inhibitions (e.g., Joinson, 2001). 

These findings stand in contradiction to the seemingly lower self-other agreement found in CMC 

environments (in comparison to FtF environments). Although beyond the scope of the present 
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dissertation, it would useful to revisit the dataset and have raters code for level of self-disclosure 

across transcripts to determine whether or not more personal disclosures mediate accurate 

personality impressions.  

  Additionally, what are the effects of different CMC contexts? For instance, in the present 

study, a loosely structured “getting to know you” design was employed. Perhaps a more 

structured conversation task would have produced more positive self-other agreement. Indeed, 

there is some evidence to suggest that a task-oriented chat activity (e.g., boss and subordinate 

roles) may lead to more accurate impression formation in online chats. For example, Boucher et 

al. (2008) found that after dyads engaged in a hypothetical job interview (with each person 

assigned to either a boss or subordinate role), self-other agreement did not differ between the 

CMC and face-to-face groups. Further research is needed to confirm and further unpack these 

results.  

What role does language play in accuracy?  
 
 The second major topic I wanted to address with this dissertation was the role that 

language plays in judgmental accuracy. An online chat room was the perfect environment for 

examining language’s influence on impression formation. Unlike face-to-face interactions, CMC 

interactions provide an environment devoid of physical cues such as body language, physical 

appearance, vocal tone, etc. This isolation from physical cues allowed for a more controlled 

analysis of the influence that language has on impression formation. In order to examine the role 

of language in the CMC environment, I used automated techniques (e.g., LIWC) to code an 

exhaustive list of linguistic cues. I then employed a Brunswick lens model approach in order to 

understand the specific role that these cues had on perceptions of personality.  
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 Two specific types of cues were examined in this analysis: stylistic (basic and higher-

order LIWC categories) and content-based (MEM dimensions) cues. I used these cues in a 

regression-based approach to analyze the overall cue validity and cue utilization for each 

personality trait. Results revealed that, overall, there were a great number of valid cues to 

personality in the online chats. The greatest showing of valid cues was in the stylistic dimensions 

(i.e. LIWC categories). Additionally the valid relationships tended to correspond with patterns of 

results found in previous studies of different language contexts (e.g., natural language, blog 

posts; Mehl et al., 2006; Yarkoni, 2010).  These findings lend further support to the notion that 

stylistic linguistic dimensions are indeed robust individual differences that manifest themselves 

consistently across a variety of contexts.  

 The fewest valid cues were found for the content dimensions implying that content tends 

to hold little predictive validity for individual personality traits. Interestingly, though, many 

strong correlations were found between content dimensions and dyad level individual 

differences. It is perhaps shared personality and values variables that enhance the focus on 

certain conversational topics. For instance, dyads that were composed of highly Extraverted 

people yielded much more personal conversation (e.g., talking about family background) than 

did dyads composed of Introverts.  

 Overall, linguistic cues were rarely significantly utilized by perceivers to achieve 

accuracy. Notably, the highest level of utilization was found for content dimensions (though 

there was not much validity at the individual level for these cues). In the context of Funder’s 

(1999) Realistic Accuracy Model, it is possible that these were the only types of cues that were 

detected by perceivers. Content is more consciously detectible than style so it may be that 
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perceivers were more in tuned to what there partner was saying rather than how they were saying 

it.   

 LIMITATIONS AND FUTURE DIRECTIONS. One of the possible limitations to the approach 

I used is that I did not code for a number of other possible valid and utilized cues. For instance, I 

strictly employed automated techniques for cue coding. There are some potentially critical 

qualitative linguistic components within computer-mediated interactions that I did not capture 

with the word-counting techniques. For example, maybe the level of humorous language used in 

online chats has a significant impact on impression formation. There are countless relevant cues 

that may be important to accuracy in this setting and these should be explored in future research.  

 A second limitation I encountered was in the interpretation of certain individual 

difference correlates and language. For example, there has been no previous research on the 

linguistic correlates of values. This lack of previous research made contextualizing the findings 

difficult. I believe it is important to explore the impression formation of individual differences 

such as values (and not just the Big Five) because research suggests that they are predictive of 

important behavioral outcomes (e.g., Bardi & Schwartz, 2003). Therefore, I encourage future 

researchers to include more diverse measures of personality and individual differences (such as 

values) in order to more broadly understand interpersonal accuracy.  

 Lastly, previous CMC research has revealed that impressions of others differ based on the 

manipulation of different linguistic cues (Tidwell & Walther, 2002)—supporting the differential 

impressions and utilization found in the present study. Previous research, however, has been 

limited by the lack of naturalistic text and actual speakers. Additionally, only very basic 

linguistic cues were coded (e.g., presence or absence of typos). The limited depth of research on 

impression formation in CMC environments also makes contextualization and generalization 
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difficult. Hopefully, future studies will be able to add to the current findings by sampling new 

groups.  

Does Language Style Matching influence accuracy?  
 
 Finally, question three addressed the nature of language style matching in computer-

mediated environments. Previous research has identified LSM as a metric for the level of 

attention that the speakers are paying to one another (Ireland & Pennebaker, 2010). It was 

therefore predicted that the higher the LSM (and thus the higher the attention), the greater self-

other agreement in dyads would be. Contrary to my expectation, there was no significant 

association between LSM and self-other agreement (distinct or overall). This finding can be 

interpreted in a couple of different ways. First, it may be the case that paying attention to one’s 

conversation partner is not directly related to more accurate perceptions of that person. Second, 

paying attention to the target does not necessarily indicate that the perceiver was successfully 

utilizing valid personality cues. Rather it could be the case that level of attention operates 

independently of accurate personality judgment.  

 In addition to the examination of matching within the conversation, I also examined 

conversation level stylistic and content dimensions. Surprisingly, the correlations between dyad-

level personality and linguistic dimensions were quite strong. These robust associations suggest a 

strong relationship between personality matching and stylistic and content matching. For 

instance, it was found that highly agreeable individuals used more positive language as well as 

paralanguage characters (i.e., smiley faces, exclamation marks). It is thus conceivable that 

certain personality characteristics—in particular Extraversion, Agreeableness, and Openness 

have a strong additive effect on certain stylistic and content dimensions of conversation.  
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 These matching effects could have important implications for how individuals get to 

know one another and form relationships online. For example, individuals that are highly 

matched on both Extraversion and Openness may become acquainted with one another in an 

entirely different manner than individuals who are mismatched on these traits. The type and 

manner of exchange of information between the individuals is highly variable and thus 

contributes to differential relationship qualities.  

  FUTURE DIRECTIONS. Research on LSM is still relatively new. More studies are needed 

to fully understand its predictive validity on behavioral outcomes such as accurate personality 

judgment. Specifically, it may be that LSM’s role in interpersonal perception is only valid in 

certain contexts. For example, LSM may be more important to self-other agreement in different 

types of relationships (e.g., friends, roommates, married couples) or for different types of 

individual differences (e.g., transient mood states).   

 Another interesting future direction is in further understanding how personality similarity 

and differences lead to different types of impression formation and language use in online 

environments. It is important to understand how the mechanisms of communication differ from 

dyad to dyad and thus contribute to a variety of different types of relationship initiation. 

Conclusion  
 
 The findings of this dissertation have significantly built on the existing empirical 

literature on accuracy and language. It was established that, consistent with some previous work, 

overall accuracy in the CMC environment was low yet significant. Stereotype accuracy seemed 

to be sufficient in promoting successful social interactions. Additionally, results indicated that 

numerous linguistic cues were associated with both actual and perceived personality. However, 

the overlap in validity and utilization was small. Language style matching was found to be 
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uncorrelated with self-other agreement. It was, however, positively associated with the quality of 

the interaction.  

 Future work investigating the role of language on accuracy in CMC environments should 

focus on sampling different contexts (e.g., more structured conversational tasks) and 

relationships (e.g., friends) as well as exploring different types of linguistic cues (e.g., 

qualitatively coded aspects of language).   
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Table 4.1: Rotated Factor Loadings for Principle Components Analysis of Interaction Rating Questionnaire Items  

                             Factor 1:                    Factor 2:             Factor 3:         
                                Liking               Dominance    Acquaintance    
Items       (45.9% variance)   (17.7% variance)   (11.3% variance)   
IRQ 1 (…did you enjoy the interaction?)   .87     
IRQ 8 (…do you like your conversation partner?) .86 
IRQ 5 (…did you “click” with the other person?) .86          
IRQ 7 (…like to interact with this person again…?) .85           
IRQ 3 (…did the interaction go smoothly?)  .76 
IRQ 2 (…got a good sense of the other person?)  .76    
IRQ 6 (…did you have more status or power…?)      .88        
IRQ 4 (…did you control the conversation?)      .88      
IRQ 9 (…did you know your conversation partner…?)        .99 
         
Note. Only loadings of .20 are reported above. N = 942. 
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Table 4.2: Normative Mean Levels on Self- and Other-Ratings  

Trait    Self  Other  
 
Happy     5.47  5.42 
Intelligent   5.55  5.73 
Attractive   4.85  4.26 
Assertive   4.5  4.21 
Arrogant   2.91  2.59 
Liberal    4.27  4.28 
Depressed   3.01  2.53 
Self-Esteem   4.55  4.91 
 
Values 
 Conformity  4.77  4.18 
 Tradition  3.43  3.39 
 Benevolent  4.89  4.24 
 Universalism  4.9  4.29 
 Self-Direction  4.88  4.39 
 Stimulation  3.98  3.7 
 Hedonism  4.74  4.16 
 Achievement  3.15  2.8 
 Power   4.07  3.71 
 Security  4.38  3.94 
 
Big Five 
 Extraversion   4.31  4.82 
 Agreeableness  5.15  5.42 
 Conscientiousness 5.31  5.14 
 Neuroticism  3.38  2.68 
 Openness  5.2  4.87 
 
Note. N = 942. 
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Table 4.3: Mean Profile Agreements  

Agreement     Mean Correlation  
Overall Agreement     .37 
Normative Self-Agreement    .61 
Normative Other-Agreement    .89 
Distinctive Agreement    .03     
Note. N = 942. 
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Table 4.4: Overall Trait Level Self-Other Agreement 

Trait            Overall    
 
Happy  .04    
Intelligent  .00    
Attractive  .00    
Assertive  .01    
Arrogant   .03    
Liberal  .12**‡     
Depressed  .01    
Self-Esteem .05    
 
Values 
 Conformity  -.01    
 Tradition .07*   
 Benevolence -.00 
 Universalism  .05 
 Self-Direction .03 
 Stimulation  .01 
 Hedonism  .01 
 Achievement  .04 
 Power .00 
 Security  .02 
 
Big Five 
 Extraversion  .13**‡  
 Agreeableness  .03 
 Conscientiousness  .06† 
 Neuroticism  .05 
 Openness  .05 
 
Note. †p < .10 *p < .05 **p < .01 ‡p < .002. Holm-Bonferroni corrected for multiple 
comparisons, α = .002. N = 942.
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Table 4.5: Mean Differences Between Self- and Other-Ratings 

Trait                              Mean Difference  [SE]     
 
Happy  .05      [.06]   
Intelligent   -.18**‡   [.05]    
Attractive   .59**‡   [.05]    
Assertive   .28**‡   [.07]    
Arrogant    .31**‡   [.07]    
Liberal  -.02      [.06]    
Depressed    .48**‡  [.07]    
Self-Esteem -.36**‡   [.06]    
 
Values 
 Conformity  .59**‡   [.05]    
 Tradition  .03      [.06]   
 Benevolence .65**‡   [.05] 
 Universalism  .61**‡   [.05] 
 Self-Direction .49**‡   [.05] 
 Stimulation  .28**‡   [.06] 
 Hedonism  .58**‡   [.06] 
 Achievement   .35**‡   [.06] 
 Power  .35**‡   [.06] 
 Security   .45**‡   [.05] 
 
Big Five 
 Extraversion  -.50**‡   [.06] 
 Agreeableness  -.26**‡   [.05] 
 Conscientiousness  .17**‡   [.05] 
 Neuroticism  .70**‡   [.06] 
 Openness  .33**‡   [.05] 
Note. *p < .05 **p < .01 ‡p < .002. Holm-Bonferroni corrected for multiple comparisons α = .002. N = 942 for all 
comparisons. Positive values indicate that the self-ratings were higher for that trait while negative values indicate that 
the other-ratings were higher. Standard errors of the difference are in the brackets.  
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Table 5.1: LIWC Descriptive Statistics  
LIWC Category   Min Max Mean  SD 
 
WC  53.00 1954.00 175.68 110.51 
WPS  3.27 220.00   14.09   18.36 
Sixltr  3.70 22.50   12.01     2.96 
Dic  71.09 97.32   89.51     3.64 
funct  36.84 70.83   57.04     4.59 
pronoun  9.35 31.82   20.62     3.23 
ppron  4.55 24.62   13.88     2.60 
i  1.52 17.50    8.04     2.27 
we  0.00 4.44      .70       .73 
you  0.00 15.93    4.68     1.93 
shehe  0.00 6.12      .21       .55 
they  0.00 4.00      .24       .45 
ipron  0.00 15.79    6.74     2.23 
article  0.00 10.00    3.89     1.62 
verb  8.75 27.78  17.47     2.74 
auxverb  4.94 25.00  12.34     2.45 
past  0.00 12.31    3.45     1.92 
present  2.90 22.83  12.65     2.80 
future  0.00 3.85      .59       .65 
adverb  0.00 16.67    7.63     2.37 
preps  1.56 18.75    9.92     2.48 
conj  0.00 15.96    5.91     1.92 
negate  0.00 6.09    1.56     1.09 
quant  0.00 8.33    2.67     1.41 
number  0.00 7.02   1.34     1.09 
swear  0.00 3.28    .18       .42 
social  3.03 23.40  9.92     2.87 
family  0.00 4.13    .27       .57 
friend  0.00 3.40    .20       .41 
humans  0.00 4.35    .43       .66 
affect  1.49 18.58  9.40     2.85 
posemo  0.00 17.26  8.14     2.74 
negemo  0.00 6.56  1.25     1.04 
anx  0.00 2.94    .24       .42 
anger  0.00 4.92    .33       .56 
sad  0.00 2.13    .12       .29 
cogmech  3.77 26.67 14.36     3.63 
insight  0.00 7.37   1.74     1.20 
cause  0.00 7.47   1.21       .98 
discrep  0.00 6.06   1.21       .99 
tentat  0.00 9.42   2.88     1.55 
certain  0.00 5.80   1.05       .89 
inhib  0.00 3.12     .21       .39 
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Table 5.1 Continued: LIWC Descriptive Statistics  
 
incl  0.00 9.43   3.34     1.61 
excl  0.00 11.86   3.05     1.63 
percept  0.00 13.43 1.92    1.32 
see  0.00 13.43   .43      .74 
hear  0.00 5.26   .57      .74 
feel  0.00 4.49   .83      .79 
bio  0.00 6.49   .93      .97 
body  0.00 3.16   .12      .32 
health  0.00 6.49   .48      .73 
sexual  0.00 3.67   .23      .43 
ingest  0.00 3.33   .11      .36 
relativ  0.00 23.31  10.99    3.47 
motion  0.00 7.81  1.37    1.09 
space  0.00 14.41  5.01    2.06 
time  0.00 17.44  5.08    2.15 
work  0.00 11.70  4.31    2.23 
achieve  0.00 5.36    .93      .87 
leisure  0.00 14.74 1.36    1.61 
home  0.00 4.08   .42      .60 
money  0.00 4.76   .34      .56 
relig  0.00 5.95   .19      .51 
death  0.00 2.59   .05      .20 
assent  0.00 15.00 4.92    2.56 
nonfl  0.00 5.71   .60      .68 
filler  0.00 3.49   .41      .55 
Period  0.00 42.06 5.49    4.71 
Comma  0.00 14.81 2.99    2.53 
Colon  0.00 7.01   .65    1.08 
SemiC  0.00 3.52   .02      .20 
QMark  0.00 12.36 4.09    2.04 
Exclam  0.00 22.73 3.12    3.15 
Dash  0.00 5.41   .30      .71 
Quote  0.00 2.70   .11      .37 
Apostro  0.00 13.04 3.38    2.58 
Parenth  0.00 3.75   .30      .51 
OtherP  0.00 5.79   .41      .73 
AllPct  0.75 61.68  21.09     8.45 
Note. N = 942. Min = Minimum value. Max = Maximum. SD = Standard Deviation.  
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Table 5.2: Intercorrelations Among Higher-Order LIWC Dimensions  

  Immediacy  Making CDI Relative Positivity Social 
   Distinctions   Status   Reference  
Immediacy               1.00      
Making Distinctions .12**‡  1.00     
CDI -.57**‡  -.22**‡  1.00    
Relative Status .34**‡  .01 -.18**‡  1.00      
Positivity .06 -.06 -.10**‡  -.04 1.00     
Social Reference .09** -.07* -.22**‡  -.14**‡  .13**‡   1.00  
Note. *p < .05 **p < .01 ‡ p < .004. Holm-Bonferroni corrected for multiple comparisons α = .004. N = 942.
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Table 5.3: Results of the Varimax rotated Principle Components Analysis on the most frequently used nouns, verbs, and adjectives of 
the chat corpus  

Thematic Component                                             
__________________________________________________________________________________________________ 

  1. Geographic/  2. Activities/      3. Finals     4. Experiment  5. Psych Class  6. High School/  
Word          Origin       Interests                  Major 
live .51 .01 .02 -.03 .03 -.07 
town .40 .13 .01 -.12 .03 -.15 
Austin .34 .03 .00 .01 .02 .01 
Texas .34 .07 -.13 -.02 .12 -.11 
small .33 .11 -.05 -.12 -.02 -.09 
west .31 .09 .04 .04 -.03 .00 
campus .30 .01 .09 .00 -.01 -.20 
love .29 .13 -.01 -.04 .09 .01 
brother .29 -.11 .00 .02 -.13 .00 
old .29 .05 .03 .05 -.07 -.04 
sister .28 -.06 .06 -.02 -.06 -.02 
people .28 .12 .06 .00 .16 .09 
sibling .27 -.09 .01 .00 -.16 -.03 
east .26 -.08 .03 .02 -.04 -.04 
ut .25 -.01 .01 .12 -.01 .09 
oh .24 .00 .09 .01 -.11 .08 
hear .24 .08 .05 -.03 .10 .05 
choice .24 .03 -.04 .04 .23 .09 
place .24 .12 .01 .00 .08 -.04 
life .24 .02 .04 -.03 .13 .09 
great .23 -.06 .05 .00 .14 -.06 
reason .23 -.04 .06 -.03 .09 .09 
food .22 .13 .05 .03 .03 -.17 
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Table 5.3 Continued: Results of the Varimax rotated Principle Components Analysis on the most frequently used nouns, verbs, and 
adjectives of the chat corpus  

 
middle .22 .07 .17 .17 .01 .09 
year .22 .05 .00 .11 -.02 .04 
south .22 .01 -.04 .01 .02 -.07 
dallas .21 -.03 -.08 -.01 .00 .09 
crazy .20 .00 .00 -.05 .20 -.10 
long .20 .02 .01 .12 .09 .08 
hour .20 -.05 .17 .06 .04 -.01 
senior .20 .01 -.11 .05 .06 .14 
play .12 .63 -.04 .03 -.16 .12 
basketball .05 .56 -.15 .02 -.07 .06 
team -.09 .41 -.03 .04 -.15 .12 
sports .03 .41 -.10 .05 -.18 .12 
music .01 .39 -.06 -.07 .15 -.25 
listen -.07 .37 -.04 -.10 .19 -.32 
watch -.08 .36 .04 -.01 .15 -.08 
football -.03 .35 -.05 -.02 -.15 .16 
favorite .07 .35 -.11 .06 .10 -.15 
fan -.02 .33 .01 .05 .11 -.12 
stuff .10 .30 .09 .02 .15 -.02 
idk .00 .28 .09 .03 -.06 .10 
country .04 .28 -.03 .05 .14 -.24 
guy .01 .24 .12 .03 .06 -.05 
awesome .14 .23 .09 -.04 .02 .13 
fun .12 .23 .03 .00 .05 .12 
thing .08 .21 .07 .09 .17 -.02 
called .20 .20 -.06 -.05 .06 .07 
final -.04 -.11 .64 .00 .03 -.04 
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Table 5.3 Continued: Results of the Varimax rotated Principle Components Analysis on the most frequently used nouns, verbs, and 
adjectives of the chat corpus  

 
luck .08 -.02 .42 -.06 .06 .14 
Saturday -.10 .03 .42 .01 -.15 .00 
study -.03 .01 .36 -.04 .08 .09 
chemistry -.08 .06 .34 -.10 .08 .31 
break .10 .04 .34 -.01 .06 -.14 
Friday -.03 -.01 .32 -.01 -.06 .07 
calculus -.16 -.01 .32 -.10 .09 .21 
Thursday -.09 -.01 .30 .02 -.05 .03 
week .00 -.05 .29 .03 .04 -.09 
how .07 -.09 .28 -.03 .08 .02 
christmas .14 .08 .26 -.05 -.02 -.21 
jester .19 .15 .24 .07 .07 .00 
mine .01 .02 .23 -.01 .04 .04 
problem .06 .11 .23 .09 .16 -.05 
Wednesday .12 -.09 .23 -.02 -.10 -.01 
computer -.05 .07 .23 .12 .10 -.17 
ready .01 .12 .22 .01 .01 -.19 
dang .02 .19 .22 .05 -.04 .07 
sucks -.11 .14 .22 -.04 .15 .18 
hope .14 -.03 .22 .06 .13 -.05 
left .05 -.04 .21 .08 -.04 .00 
start .10 .17 .21 .09 .10 -.07 
late .03 .03 .21 -.07 .06 .08 
click .12 -.03 .20 .13 .12 .08 
nice .09 .05 .20 .09 -.09 .08 
room .06 .01 -.03 .68 -.01 .01 
number .02 -.04 -.06 .65 .00 .01 
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Table 5.3 Continued: Results of the Varimax rotated Principle Components Analysis on the most frequently used nouns, verbs, and 
adjectives of the chat corpus  

 
copy -.07 -.01 -.01 .65 .03 .05 
chat .12 .00 .03 .54 .00 .00 
word -.06 .02 .09 .52 .09 -.12 
paste -.03 -.02 -.02 .52 .04 .03 
document -.10 -.02 .05 .50 .05 -.13 
suppose .03 .06 .06 .29 -.04 .12 
remember -.02 .08 .02 .24 .06 -.01 
eid .08 .03 -.04 .21 -.03 -.02 
class -.12 -.14 .07 -.05 .41 .18 
benchmarks -.14 -.09 -.14 .05 .36 -.01 
boring -.01 .13 -.08 .04 .35 .06 
interest -.01 -.04 -.09 -.04 .34 .15 
psych -.02 -.09 -.10 .07 .33 .20 
read -.01 .19 .04 .03 .31 -.10 
bad .03 .04 .18 .04 .29 .05 
mind .02 .06 .06 .01 .29 .00 
agree .10 -.06 -.01 -.03 .29 -.10 
bit .15 -.01 -.07 .04 .27 .08 
job .06 .08 .05 .04 .26 .01 
lot .09 .16 .06 -.07 .26 .08 
want .14 .10 .02 .02 .25 .17 
give -.04 .06 .07 .12 .25 -.09 
question .15 .00 .09 .02 .24 -.01 
grade .00 -.12 -.12 .01 .23 .05 
kinda .12 .18 -.01 -.07 .23 .05 
change -.10 .04 -.01 -.02 .23 -.01 
work .12 .03 .12 .02 .22 .10 
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Table 5.3 Continued: Results of the Varimax rotated Principle Components Analysis on the most frequently used nouns, verbs, and 
adjectives of the chat corpus  

 
history -.10 .06 .07 .01 .22 -.09 
math -.08 .08 .12 .00 .22 .10 
understand .00 .01 .03 -.08 .22 -.04 
easy -.02 .01 .18 -.10 .21 .06 
glad .10 .02 .09 .05 .20 .00 
online -.01 -.08 -.02 .02 .20 -.01 
think .09 .00 .04 .09 .20 .07 
major .07 -.02 .08 .02 .19 .12 
exam .08 -.08 .16 -.02 .17 .11 
school .18 .14 -.13 .07 -.06 .50 
high .12 .21 -.15 .02 -.09 .47 
biology -.03 -.01 .15 -.04 .08 .41 
med -.12 -.01 .02 -.04 .07 .32 
ugs -.09 .00 .10 -.04 .05 .26 
teacher -.06 -.06 .01 .04 .15 .25 
hard -.02 .05 .07 -.06 .21 .22 
switch .12 -.05 .13 .04 .11 .22 
told .08 .09 .05 -.01 .18 .21 
science -.04 .10 .16 .05 .11 .18 
lol .04 .08 .08 .08 .05 .16 
Note. Loadings > .20 are bolded. The six components accounted for 14% of the total variance. N = 942
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Table 5.4: Judgments Based on LIWC Cues in Online Chats  

Trait                    Accuracy                      Lens Model Analysis 
               Cue Utilization      Cue Validity      Sensitivity  
Happy  .04 .09 .23**‡  .14 
Intelligent  .00 .18** .23**‡  .11 
Attractive  .00 .11 .15** -.14 
Assertive  .01 .07 .16* .02 
Arrogant   .03 .10 .25**‡  -.12 
Liberal  .12**‡  .04 .27**‡  -.12 
Depressed  .01 .11 .19** -.17 
Self-Esteem .05 .10 .12 .15 
 
Values 
 Conformity  -.01  .12 .23**‡  .04 
 Tradition  .07* .05 .23**‡  .34** 
 Benevolence -.00 .01 .24**‡  .09 
 Universalism  .05 .14* .22**‡  .21 
 Self-Direction .03 .18** .16* -.01 
 Stimulation   .01 .08 .07 .12 
 Hedonism   .01 .07 .20** -.19 
 Achievement  .04 .11 .20** -.05 
 Power  .00 .11 .14† -.05 
 Security   .02 .04 .06 -.07 
Big Five 
 Extraversion   .13**‡  .20** .22**‡   .33** 
 Agreeableness  .03 .15* .22**‡  .24* 
 Conscientiousness  .06† .12 .15* -.03 
 Neuroticism   .05 .10 .08 .06 
 Openness   .05 .12** .12† .28* 
 
Note. †p < .10 *p < .05 **p < .01 ‡ p < .0007. Holm-Bonferroni corrected for multiple 
comparisons α = .0007. N = 942. Accuracy is the correlation between self- and other-ratings. Cue 
utilization represents adjusted R values when other-ratings were regressed onto cue scores. Cue 
validity represents the adjusted R values when self-ratings were regressed onto cue scores. 
Sensitivity scores reflect the convergence or vector correlations between absolute values of cue-
validity and cue utilization correlations. Significance for sensitivity correlations is based on the 
number of linguistic style dimensions (6) coded. Vector correlations were computed using 
Fisher’s r-to-Z formula.  
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Table 5.5: Judgments Based on Higher-Order LIWC Cues in Online Chats  

Trait                    Accuracy                      Lens Model Analysis 
               Cue Utilization      Cue Validity      Sensitivity  
Happy  .04 .02 .13** .65 
Intelligent  .00 .02 .14**‡  .79† 
Attractive  .00 .04 .02 .38 
Assertive  .01 .07† .09* -.17 
Arrogant   .03 .02 .15**‡  .01 
Liberal  .12**‡  .09* .03 .06 
Depressed  .01 .02 .16**‡  -.20 
Self-Esteem .05 .02 .07† -.32 
 
Values 
 Conformity  -.01 .10* .14**‡  .02 
 Tradition .07* .02 .15**‡  .75 
 Benevolence -.00 .05 .15**‡  .30 
 Universalism  .05 .03 .09* .17 
 Self-Direction .03 .06 .05 .32 
 Stimulation  .01 .10* .02 .83* 
 Hedonism  .01 .02 .02 -.05 
 Achievement  .04 .03 .11** -.15 
 Power .00 .09* .12** -.18 
 Security  .02 .02 .03 .29 
 
Big Five 
 Extraversion  .13**‡  .09* .11**  .69 
 Agreeableness  .03 .11** .13** .06 
 Conscientiousness  .06† .01 .13** -.52 
 Neuroticism  .05 .04 .04 .02 
 Openness  .05 .08† .06 .74 
 
Note. †p < .10 *p < .05 **p < .01 ‡ p < .0007. Holm-Bonferroni corrected for multiple 
comparisons α = .0007. N = 942. Accuracy is the correlation between self- and other-ratings. Cue 
utilization represents adjusted R values when other-ratings were regressed onto cue scores. Cue 
validity represents the adjusted R values when self-ratings were regressed onto cue scores. 
Sensitivity scores reflect the convergence or vector correlations between absolute values of cue-
validity and cue utilization correlations. Significance for sensitivity correlations is based on the 
number of linguistic style dimensions (6) coded. Vector correlations were computed using 
Fisher’s r-to-Z formula.   
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Table 5.6: Judgments Based on Content Dimensions in Online Chats  

Trait                    Accuracy                      Lens Model Analysis 
               Cue Utilization      Cue Validity      Sensitivity  
Happy  .04 .06 .09* .54 
Intelligent  .00 .09* .03 .44 
Attractive  .00 .08† .05 -.44 
Assertive  .01 .07† .04 -.78† 
Arrogant   .03 .02 .05 -.56 
Liberal  .12**‡  .07† .12** .75 
Depressed  .01 .10* .13* -.60 
Self-Esteem .05 .10* .02 .09 
 
Values 
 Conformity  -.01 .11** .09* -.44 
 Tradition .07* .07 .10* .51 
 Benevolence -.00 .04 .05 .37 
 Universalism  .05 .16**‡  .02 .44 
 Self-Direction .03 .11** .09* -.67 
 Stimulation  .01 .10* .07 -.04 
 Hedonism  .01 .01 .06 -.21 
 Achievement  .04 .02 .06 -.45 
 Power .00 .06 .05 .06 
 Security  .02 .12** .01 -.46 
 
Big Five 
 Extraversion  .13**‡  .08† .08*  .61 
 Agreeableness  .03 .07† .01 -.91* 
 Conscientiousness  .06† .09* .02 .42 
 Neuroticism  .05 .04 .04 -.43 
 Openness  .05 .13** .09* -.19 
 
Note. †p < .10 *p < .05 **p < .01 ‡ p < .0007. Holm-Bonferroni corrected for multiple 
comparisons α = .0007. N = 942. Accuracy is the correlation between self- and other-ratings. Cue 
utilization represents adjusted R values when other-ratings were regressed onto cue scores. Cue 
validity represents the adjusted R values when self-ratings were regressed onto cue scores. 
Sensitivity scores reflect the convergence or vector correlations between absolute values of cue-
validity and cue utilization correlations. Significance for sensitivity correlations is based on the 
number of linguistic style dimensions (6) coded. Vector correlations were computed using 
Fisher’s r-to-Z formula.
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Table 5.7: A Brunswik (1956) Lens Model Analysis of Big Five Judgments Based on LIWC Categories: Cue-Validity and Cue-
Utilization Correlations 

     Cue-validity correlations             Cue-utilization correlation  
Extra.    Agree.    Cons.     Neur.    Open.              Linguistic cues ("lens")          Extra.     Agree.    Cons.     Neur.     Open. 
 
  .02 .04 -.01 .01 .05  Word count  .08* .08* .06 -.04 .12** 
-.04 -.04 -.01 -.03 -.05  Words per sentence -.06* -.03 -.05 .05 -.03 
- .06 -.03 -.09** .01 .10**  Words > 6 letters  -.02 .03 .02 -.03 .06 
- .02 .11** .12** -.06 -.04  Dictionary words  -.04 -.01 .05 .02 -.07* 
  .01 .08* .08* -.04 -.04  Total function words -.02 -.07* .02 .03 -.09** 
  .03 .05 .07* .03 -.07*  Total pronouns  -.01 -.08* -.04 .06 -.11** 
  .01 .04 .06 .07* -.07*  Personal pronouns -.02 -.10** -.01 .05 -.07* 
  .01 .02 .01 .08* -.05  1st per singular  .02 -.05 -.03 .03 .02 
  .03 -.05 -.04 -.02 -.01  1st pers plural   -.01 -.02 .03 -.01 -.04 
- .03 .05 .10** .01 -.04  2nd person  -.06 -.07* -.01 .03 -.10** 
  .03 .01 -.04 .01 -.01  3rd pers singular  .06 -.02 .06 -.01 .01 
  .10 -.04 -.02 .06 .01  3rd pers plural  -.01 .02 .03 -.01 .01 
  .04 .03 .04 -.05 -.02  Impersonal pronouns .01 .01 -.05 .03 -.08* 
- .01 -.06 -.02 -.02 .05  Articles   .04 -.01 .03 -.05 .02 
  .03 .05 .06 .02 -.09**  Common verbs  -.01 -.03 .02 .01 -.09** 
  .03 .09** .08* -.02 -.07*  Auxillary verbs  -.04 -.06 .01 .03 -.08* 
  .01 -.02 -.03 .02 -.04  Past tense  .01 .01 -.03 -.01 -.03 
  .04 .07* .07* .01 -.05  Present tense  .01 -.04 .04 .01 -.08* 
- .04 -.04 .05 -.01 -.01  Future tense  -.04 .01 .01 .06 -.02 
- .04 .04 .07* .01 -.02  Adverbs   -.02 .01 -.01 -.02 .01 
- .05 -.04 -.06 -.02 .01  Prepositions  -.01 .03 .03 -.03 .05 
  .03 .11** .05 -.07* .04  Conjunctions  .01 -.02 -.02 .01 .01 
- .01 .06 -.03 -.03 -.03  Negations  -.06 -.02 .02 .03 -.04 
- .04 .04 -.03 -.03 .05  Quantifiers  .04 .01 .01 -.04 .03 
  .02 -.01 -.01 .01 -.03  Numbers  .01 -.03 .04 .01 -.03 
  .03 -.04 -.07* .04 .04  Swear words  -.01 -.03 -.09** .01 .02 
  .04 .01 .01 -.01 -.02  Social Processes  -.01 -.10** .04 .02 -.03 
  .02 -.03 -.01 .05 .02  Family   .01 -.05 .04 -.01 .07* 
  .06 .06 -.02 -.04 .04  Friends   .07* .02 .03 -.05 .06 
  .05 .01 .02 -.05 .03  Humans   .05 -.02 .05 -.05 .05 
- .01 .09** .04 -.03 -.01  Affective processes -.01 .07* -.02 -.01 .01 
- .01 .09** .07* -.05 .01  Positive emotion  -.02 .07* -.01 -.03 .02 



 

 121 

Table 5.7 Continued: A Brunswik (1956) Lens Model Analysis of Big Five Judgments Based on LIWC Categories: Cue-Validity and 
Cue-Utilization Correlations 

 
  .01 -.02 -.08* .05 -.04  Negative emotion  .03 .01 -.05 .05 -.03 
  .02 .01 -.03 .03 -.03  Anxiety   .04 .06 .04 .01 .01 
  .03 -.06 -.08* .03 .05  Anger   .02 -.01 -.07* .02 .02 
- .05 .01 -.04 .03 -.01  Sadness   .02 -.01 .01 .03 .01 
- .04 .04 -.03 -.01 .02  Cognitive proc  -.01 .05 .06 -.03 .04 
- .05 .01 -.07* .08* -.02  Insight   .01 .02 .03 -.05 .03 
- .04 -.03 -.04 -.02 .10**  Causation  -.04 .02 -.02 .07* .01 
- .06 -.01 .03 .02 -.01  Discrepancy   -.02 .01 .04 -.01 .02 
- .11** .02 -.02 .01 .02  Tentative  -.04 .01 .08* -.02 .02 
  .03 .05 .01 -.07* .01  Certainty   .01 .04 -.01 -.02 -.04 
  .02 .06 .01 -.01 -.04  Inhibition  .01 .01 -.01 .02 .04 
  .08* .02 -.01 -.06 .03  Inclusive  .07* .04 .05 -.03 .04 
- .06* .07* -.01 .01 -.01  Exclusive  -.07* -.04 -.03 .04 -.02 
  .02 .01 -.02 -.03 .05  Perceptual proc   .01 .03 .01 .01 .08* 
- .04 -.04 -.06 .01 .02  See   -.02 .02 .04 .01 .01 
  .04 .01 -.01 .02 -.02  Hear   .01 .04 -.02 .04 .09** 
  .01 .02 .03 -.03 .06  Feel   .04 .01 .01 -.06 .04 
  .01 .06* .02 .03 .04  Biological proc  -.01 .03 -.03 -.02 .06 
  .01 .03 -.08* -.01 .02  Body   .01 .06 .02 -.01 .04 
- .01 .06 .05 .03 .02  Health   -.06 .01 -.01 -.02 .01 
  .08** .03 -.01 .02 .04  Sexual   .09** .01 -.04 .01 .10** 
- .04 -.01 .01 -.01 .01  Ingestion  -.01 -.01 -.03 -.03 -.01 
  .02 -.06 -.01 -.04 .04  Relativity   -.01 .01 -.01 -.01 -.01 
  .06 -.05 -.02 .02 .05  Motion   .02 .05 .04 -.03 .02  
  .05 -.08* -.01 -.03 .06  Space   .05 .01 -.05 -.03 .04 
-.05 .02 -.01 -.04 -.01  Time   -.07* -.03 .01 .02 -.04 
- .05 -.05 .05 .03 -.01  Work   -.02 -.01 .03 -.01 -.03 
- .05 .03 .03 .05 .01  Achievement  -.04 -.04 .01 .02 -.06 
- .01 -.01 -.05 .03 .02  Leisure   .01 .01 -.04 .01 .05 
- .02 .02 .05 -.01 -.05  Home   -.02 -.01 -.02 .04 -.03 
- .02 -.05 .02 -.06 -.06  Money   -.02 -.02 .01 -.02 -.06 
- .02 -.02 -.11** .03 .06  Religion   .04 .02 -.05 .01 .09** 
- .01 -.02 -.07* .03 .03  Death   .01 -.07* -.04 .04 .01 
  .03 .05 .05 .01 -.01  Assent   .05 .07* -.02 -.05 .04 
- .04 -.04 .01 -.07* .01  Nonfluencies  .02 -.03 -.01 .01 .05 
  .02 .06 -.02 .01 -.03  Fillers   .04 .02 .01 -.01 .07* 
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Table 5.7 Continued: A Brunswik (1956) Lens Model Analysis of Big Five Judgments Based on LIWC Categories: Cue-Validity and 
Cue-Utilization Correlations 

 
- .05 .04 -.04 .01 .03  Periods   .05 .01 .01 -.04 .02 
- .13** -.01 -.07* -.02 .10**  Commas   -.01 .02 .01 .02 -.01 
- .01 .08* -.01 .05 .05  Colons   .07* .08* .04 -.05 .05 
- .03 .01 -.01 .04 -.01  Semicolons  .03 .01 .02 -.01 -.02 
  .01 .04 .01 .01 .03  Question marks  -.05 -.05 -.05 .03 -.09** 
  .17**‡  .19**‡  .09** -.01 -.03  Exclamation   .10** .07* .02 -.01 .03 
- .02 -.06 -.03 -.01 .01  Dashes   -.02 .06 .03 .01 -.02 
- .03 -.01 -.07* -.04 .02  Quotation marks  .05 -.02 -.04 .01 .02 
- .09** .04 -.03 -.01 .01  Apostrophes  .05 -.01 .02 -.01 .01 
- .02 .08* -.03 .07* .02  Parentheses   .03 .07* .03 -.04 .04 
- .03 -.01 -.02 .02 -.02  Other punct   -.05 -.05 -.08* .02 -.03 
- .03 .13** -.03 .01 .06  All punctuation   .08* .03 .01 -.02 .01 
-.02 .08* -.02 .01 .05  Smiley Emoticon  .06 .09** .07* -.08* .05 
-.02 .00 .01 .03 .00  Heart Emoticon  .02 -.00 -.00 .03 .01 
-.05 .02 .06 .10** -.04  Frown Emoticon  .02 -.04 -.03 -.01 -.01  
-.01 -.02 -.01 -.04 .03  Surprise Emoticon -.03 -.02 .02 -.01 .02 
Note. †p < .10 *p < .05 **p < .01 ‡p < .00006. Holm-Bonferroni corrected for multiple comparisons α = .00006. N = 942. Extra. = Extraversion; Agree. = 
Agreeableness; Cons. = Conscientiousness; Neur. = Neuroticism; Open. = Openness. *p < .05, two-tailed. *p <.01, two-tailed. 
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Table 5.8: A Brunswik (1956) Lens Model Analysis of Values Judgments Based on LIWC Categories: Cue-Validity and Cue-
Utilization Correlations 

 
 Cue-validity correlations        Cue-utilization correlation  
  CO     TR     BE       UN       SD ST       HE    AC        PO        SE Linguistic cues ("lens") CO      TR     BE       UN        SD  ST      HE     AC       PO       SE 
-.06 -.03 .02 .00 .04 .02 .01 .01 -.01 -.03 Word count .01 -.02 .04 .11** .12**‡  .05 .01 -.05 .00 .07* 
-.03 -.05 -.09** -.00 -.02 .01 -.02 .02 -.03 .03 Words per sentence -.04 -.07* -.01 .02 -.03 .00 -.00 .02 .00 .00 
-.09** -.07* -.02 -.05 .10** .00 .03 .00 -.06* -.02 Words > 6 letters .03 -.02 .07* .03 .00 .02 .00 -.00 .01 .04 
 .04 .08** .05 .04 .00 -.01 -.04 -.06* .04 -.05 Dictionary words .03 .05 -.03 .02 .05 -.05 .06* .00 .00 -.00 
 .06* .05 .04 .03 .03 -.00 -.03 -.01 .03 -.03 Total function words -.00 .04 -.05 -.00 .03 -.06 .06* .04 .01 -.02 
 .09** .08** .08* .05 -.01 -.05 -.01 -.01 .09** -.02 Total pronouns -.00 .03 -.09** .07* -.08** -.08** -.01 .00 -.02 -.02 
 .08** .11** .07* .08** -.00 -.04 .00 -.01 .08* -.02 Personal pronouns .02 .03 .07* -.06* -.09** -.04 -.00 .04 .00 -.03 
 .03 .05 .03 .07* .00 -.02 .01 -.00 -.00 -.02 1st per singular -.00 .00 -.04 -.01 -.06* .01 -.01 .01 .01 -.03 
-.02 -.02 .02 -.01 .03 .02 .00 .02 -.03 .01 1st pers plural  .01 .00 -.04 -.03 .01 -.02 .04 .04 .02 -.00 
 .08** .08** .04 .02 -.01 -.05 -.00 -.02 .12** .00 2nd person .03 .02 -.04 -.05 -.04 -.06* .00 .01 -.04 -.02 
-.01 .03 .03 .02 -.03 .00 -.00 .05 .00 -.00 3rd pers singular .01 -.00 .02 -.00 -.01 -.00 -.00 .04 .07* .02 
-.01 -.01 -.00 -.00 .00 .01 .00 .00 .01 -.05 3rd pers plural .00 .01 .03 .00 .01 -.00 -.02 -.01 .00 .01 
 .03 -.00 .02 -.02 -.01 -.02 -.03 -.01 .04 .00 Impersonal pronouns -.03 .01 -.04 -.03 -.01 -.07* -.00 -.03 -.03 .00 
-.06* -.06* -.08* -.08* .01 .00 -.00 .03 -.01 -.07* Articles .02 -.01 .02 .07* .03 .01 .04 .04 .04 -.02 
 .06* .08* .06 -.00 -.05 -.03 -.01 -.04 .07* -.01 Common verbs .02 .00 -.03 -.00 -.05 -.09** .01 .02 .04 -.05 
 .09** .09** .05 .00 -.04 -.02 -.00 .01 .08** -.01 Auxillary verbs -.00 .03 -.02 -.05 -.03 -.07* .03 .00 .00 -.05 
 .05 .01 -.06 -.04 .00 -.04 .03 -.04 .02 -.02 Past tense -.03 -.01 -.05 -.02 -.05 -.03 -.00 .02 .01 -.00 
 .04 .08** .12** .02 -.06* -.01 -.05 -.02 .06* .02 Present tense .03 .00 -.01 -.01 -.04 -.08* .01 .00 .03 -.03 
-.04 -.00 -.03 -.00 .02 .01 .05 .01 -.04 -.00 Future tense .05 .04 .01 .01 .04 -.00 .00 -.01 .00 -.05 
 .01 -.02 .00 .00 -.00 -.04 -.00 -.03 .01 .01 Adverbs -.02 .02 -.03 .01 .01 -.03 -.01 -.00 -.01 -.00 
-.03 -.07* -.05 -.01 .02 -.00 .00 -.05 -.05 -.00 Prepositions -.02 -.03 .03 .00 .05 .05 .00 .03 -.00 .01 
 .03 .03 .02 .05 .02 .05 -.01 -.02 -.00 .00 Conjunctions -.03 .05 -.01 -.00 .00 .01 -.02 .02 -.05 .02 
 .01 -.00 .01 .01 .00 -.00 -.08* -.02 -.03 -.00 Negations .00 -.00 -.01 .01 -.02 -.04 .03 -.00 .03 -.03 
-.02 -.03 -.01 .03 .02 .02 -.02 .01 -.03 .02 Quantifiers .01 .00 .04 .00 .08** .05 .05 .03 -.00 .02 
 .05 .03 .02 .00 -.00 -.01 -.01 -.00 -.02 -.06* Numbers -.00 -.02 -.02 -.01 .00 -.03 .03 .04 .01 -.00 
-.05 -.02 -.00 .00 .00 .06 -.02 -.03 -.10** -.01 Swear words -.03 .00 -.04 .00 -.03 .03 -.03 .01 -.01 .06* 
 .04 .09** .08** .01 .00 .00 .00 .02 .04 .01 Social Processes .08** .07* -.01 .00 -.03 -.04 -.00 .02 .04 -.00 
 .00 .05 .01 -.07* .01 -.00 .04 .02 .02 .03 Family .09** .03 .03 .00 .01 .03 .00 .00 .00 -.01 
 .01 .02 .04 .02 .05 .01 .03 .05 .00 .01 Friends .02 -.03 .01 -.00 .06 .08* -.01 -.04 -.01 .04 
 .28 .04 .03 -.05 -.03 .02 .03 .01 -.01 .03 Humans .00 -.01 .00 .03 .00 .00 .00 .02 .03 .01 
 .04 .05 .11** .04 -.00 .02 -.01 -.03 .03 .05 Affective processes .01 .00 .02 -.01 -.02 -.02 .01 -.08* -.03 .03 
 .06* .06* .12** .05 .00 .02 -.01 -.03 .07* .06 Positive emotion .04 .01 .03 -.02 -.01 -.02 .02 -.06 -.04 .04 
-.04 -.04 -.02 -.03 -.02 .01 .00 .00 -.10** -.00 Negative emotion -.08* -.01 -.01 .00 -.04 -.00 -.03 -.05 .02 -.02 
 .01 .04 .05 -.00 -.02 .01 .00 -.02 -.02 .03 Anxiety -.01 .01 .07* .04 .01 .01 -.02 .00 .07* -.01 
-.08** -.04 -.05 -.01 .02 .05 -.01 -.02 -.10** -.01 Anger -.06* -.03 -.04 -.01 -.04 .02 -.03 -.02 -.01 .03 
-.03 -.04 -.00 -.00 -.01 .00 .00 -.01 .00 .00 Sadness -.02 .05 .02 .03 -.02 .00 .01 -.01 -.03 .01 
-.10** -.07* .01 .02 .05 .08* -.00 -.05 -.07* .03 Cognitive processes .029 .04 .04 .09** .08** .00 .06 .05 .07* .00 
-.07* -.06 .05 .02 -.00 .00 .02 -.04 -.04 -.00 Insight -.025 .01 -.00 .07* .03 .01 .03 .07* .10** .04 
-.03 -.04 -.02 .02 .06* .08* .01 -.03 -.00 -.03 Causation -.05 .00 -.01 -.02 .01 -.01 -.03 .05 -.02 -.02 
-.05 -.02 -.02 .05 .03 -.00 .01 -.04 -.00 -.04 Discrepancy  .09** .05 .06* .08** .03 .01 .07* .02 .05 -.05 
-.11** -.10** -.02 -.02 .02 .00 -.01 -.04 -.05 .02 Tentative .01 -.00 -.01 .01 .04 -.02 -.01 .03 .03 .01 
-.03 -.04 -.00 .01 .06 .03 .01 .01 -.03 .07* Certainty  -.03 .02 .02 -.00 .01 .00 .04 .02 -.01 .00 
-.05 .00 .01 -.04 -.02 -.02 -.03 .00 -.01 .03 Inhibition -.03 .01 .01 .02 .03 .00 -.00 -.00 .01 -.03 
 .00 .00 .02 .01 .06* .09** .01 .06 -.03 -.01 Inclusive .05 .03 .05 .04 .09** .08** .04 .00 -.01 .04 
-.04 -.02 .03 -.00 .00 .00 -.07* -.11** -.06* .05 Exclusive .00 -.01 .00 .04 -.01 -.06 .02 .01 .05 -.03 
-.03 .01 .01 .06 .06* .03 -.01 -.02 -.00 .01 Perceptual processes  .00 -.01 .04 .01 .03 .00 -.00 -.04 -.01 .00 
-.03 -.02 -.04 .02 .00 -.02 .01 -.01 -.02 -.00 See -.01 -.01 .00 .02 .00 .01 -.01 -.04 -.00 .00 
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Table 5.8 Continued: A Brunswik (1956) Lens Model Analysis of Values Judgments Based on LIWC Categories: Cue-Validity and 
Cue-Utilization Correlations 

  
 
-.03 .00 .01 .05 .08* .04 -.00 -.02 -.06 -.02 Hear -.00 -.01 .06 .06 .07* -.01 -.03 -.02 -.01 .03 
 .00 .03 .04 .03 .01 .02 -.03 -.03 .05 .04 Feel .02 .01 .02 -.02 -.01 .01 .04 -.02 .00 .00 
 .01 .02 .11** .04 -.00 .01 -.01 .00 -.04 -.01 Biological processes .01 .03 .06* .07* -.01 .02 .03 -.02 -.00 .04 
-.01 -.00 .04 .02 .03 .02 -.06* -.00 -.14**‡  .00 Body -.02 -.01 .06 .05 .01 .00 .01 -.05 .00 -.00 
 .04 .01 .08** .04 -.05 -.04 .00 -.01 .01 -.01 Health .00 .04 .05 .03 .00 -.00 .06 -.02 .02 .00 
-.00 .06 .10** .02 .01 .10** .02 .01 -.01 .01 Sexual .04 .01 .02 .05 -.04 .04 -.04 .02 -.01 .06* 
-.04 -.04 -.02 -.03 .05 -.01 -.02 .04 -.01 -.02 Ingestion -.02 -.00 -.00 .02 -.00 .01 .00 -.01 -.04 .02 
-.01 -.03 -.07* -.01 .05 .02 -.02 .01 .00 -.00 Relativity  -.02 -.02 .02 .00 .01 .07* .00 .02 -.02 .00 
-.05 -.00 -.04 -.04 .03 .06 .02 -.00 -.01 .05 Motion .01 -.01 .00 -.00 .05 .08** .00 .04 .01 -.02 
 .02 -.03 -.03 -.00 .06 .03 -.00 .04 .00 .02 Space -.04 -.03 .03 -.00 .00 .05 -.03 .02 -.04 .07* 
-.01 -.00 -.07* .02 -.01 -.02 -.03 -.01 .00 -.04 Time -.02 -.01 -.01 .00 .00 .02 .04 .00 -.01 -.03 
-.03 .00 -.06* -.07* -.04 -.04 .03 .07* .02 -.07* Work -.02 -.05 -.02 -.06 -.02 -.04 -.04 .00 -.02 -.04 
-.05 -.00 .03 .07* .02 -.02 -.03 -.01 .01 -.05 Achievement .01 -.01 .06* .05 .00 -.06* .06 .04 .00 -.01 
-.02 -.00 -.05 .01 .03 .00 .00 .00 -.01 .00 Leisure .06 .04 .01 .04 .04 .08* -.03 -.03 -.03 .09** 
 .03 -.00 .02 .05 -.05 -.05 .01 .01 .04 .05 Home .02 -.00 .02 .03 -.01 -.00 -.02 -.09** -.04 .01 
-.07* -.08** -.08* -.06 -.01 .02 .07* .08* -.00 .01 Money -.02 -.08* -.05 -.05 -.03 -.02 -.01 .00 .00 -.01 
-.07* .01 .00 .03 .02 .03 -.07* -.06 -.11** -.02 Religion -.00 .02 .03 .05 .05 .06 -.02 -.05 -.01 .06* 
-.06* -.05 -.05 .07* .01 .01 -.03 -.01 -.05 .00 Death -.05 -.01 .07* -.01 -.01 .00 -.00 .02 .01 .03 
 .07* .07* .06 .02 -.04 -.04 .03 -.00 .08* .07* Assent .00 .05 .00 -.02 -.03 .01 -.00 -.05 -.01 .05 
-.00 .01 .05 .03 .03 .01 .00 .03 .01 .02 Nonfluencies -.01 -.01 .02 .04 .07* -.00 .00 -.04 -.01 .00 
 .02 .02 -.04 -.01 -.06* -.03 .05 -.00 -.02 -.01 Fillers -.03 -.02 .00 -.02 .04 -.00 -.00 -.01 .00 .01 
-.01 .01 .06 .07* .08* -.03 -.08* -.06* -.03 -.03 Periods -.03 -.03 .04 -.03 -.02 .03 -.00 -.04 -.01 .00 
-.09** -.13** -.06* .07* .09** .03 -.06* -.05 -.01 -.02 Commas -.04 .04 -.00 -.02 .05 .02 -.01 -.02 -.04 .00 
 .04 .04 .07* .11** .05 .01 .02 .01 .04 -.00 Colons -.03 .02 .05 .05 .00 -.00 -.03 -.04 -.01 -.00 
-.02 -.02 -.01 .03 .05 -.03 -.07* -.02 .01 -.04 Semicolons -.01 .02 -.01 -.00 -.01 .01 .00 .04 -.01 .03 
 .08** .06* .05 .01 -.01 -.03 .00 -.01 .03 .00 Question marks .01 -.00 -.05 -.09** -.08** -.08* -.03 -.00 -.04 .00 
 .16**‡  .19**‡  .15** .02 -.06 -.00 .05 -.02 .08* .06 Exclamation marks .02 .08* .05 .00 -.00 .02 .01 -.04 -.02 .05 
-.07* -.04 -.03 -.00 .03 .01 .05 .01 -.04 -.00 Dashes .09** .05 .04 .00 .05 -.01 .04 -.04 .00 -.03 
-.03 -.02 -.04 -.05 .05 -.02 -.06 -.05 -.05 -.03 Quotation marks -.02 -.04 .03 -.02 .01 -.03 -.02 -.02 -.01 .01 
-.02 -.02 -.02 .07* .03 -.09** -.05 -.03 .03 -.05 Apostrophes -.01 .04 .04 -.01 .00 -.01 .02 .03 .00 .00 
 .00 .02 .08** .11** .03 -.00 -.00 .00 .03 -.02 Parentheses  -.00 .02 .02 .04 -.00 .00 -.03 -.07* .00 -.01 
 .04 -.02 -.03 .03 -.01 -.02 .09** .01 -.04 .04 Other punctuation  .01 .01 .02 -.01 -.02 -.02 -.00 .01 .00 -.00 
 .04 .05 .09** .13** .07* -.04 -.05 -.07* .02 -.02 All punctuation  -.02 .04 .06 -.04 -.01 .00 -.00 -.05 -.04 .02 
 .00 .00 .08* .10** .08* -.01 -.02 .01 .02 -.03 Smiley Emoticon  .04 .02 .07* .05 .01 -.00 -.01 -.04 -.01 .00 
 .00 .05 -.02 .03 .02 -.07* .00 .02 .04 -.05 Heart Emoticon -.01 -.03 -.00 .03 .01 .01 .00 .08* .02 .02 
 .05 .01 -.03 .04 -.07* .02 .02 .01 .08* -.05 Frown Emoticon -.04 .03 -.02 -.02 -.07* .00 .02 -.01 -.04 .02 
 .00 .05 -.05 .03 .03 -.02 .02 -.04 .01 -.04 Surprise Emoticon  -.01 -.04 -.02 .01 .00 .00 -.01 .02 .00 .01 
Note. †p < .10 *p < .05 **p < .01 ‡p < .00003. Holm-Bonferroni corrected for multiple comparisons α = .00003. N = 942. CO = Conformity, TR = Tradition, BE = Benevolence, UN = Universalism, SD = Self-Direction, ST = 
Stimulation, HE = Hedonism, AC = Achievement, PO = Power, SE = Security.  
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Table 5.9: A Brunswik (1956) Lens Model Analysis of Values Judgments Based on LIWC Categories: Cue-Validity and Cue-
Utilization Correlations 

 
   Cue-validity correlations        Cue-utilization correlations  
 
Happy  Intell. Attr. Assert. Arrog. Liberal Depr. Self Es. Linguistic cues ("lens") Happy  Intell. Attr. Assert. Arrog. Liberal Depr. Self Es. 
 -.01 .07* .01 -.02 .04 .02 .01 .02 Word count .03 .07* .06* -.01 -.07* .05 -.05 .09** 
 .02 .06 .05 .01 .00 .00 .02 .05 Words per sentence -.03 -.02 -.00 .01 -.01 .01 -.00 -.01
 -.03 .07* .02 -.00 .09** .06* .04 .00 Words > 6 letters -.00 .02 .02 -.02 -.05 -.02 -.01 .06 
 .07* -.03 .00 -.02 -.12** -.07* -.05 -.01 Dictionary words .00 .08** .03 -.02 .01 -.06* .04 -.02 
 .06* -.03 -.02 .01 -.07* -.03 -.03 .00 Total function words -.04 .05 -.03 .01 .02 -.08* .04 -.03 
 .07* -.10** .00 -.02 -.09** -.07* -.02 -.03 Total pronouns -.07* -.07* -.05 -.04 .03 -.05 .04 -.05 
 -.01 -.14**‡  -.07* -.06 -.10** -.04 .03 .08* Personal pronouns -.07* -.06* -.01 -.01 .04 -.04 .00 -.00 
 -.02 -.08* -.08* -.05 -.07* .00 .02 -.05 1st per singular -.03 -.05 -.00 .00 -.00 -.01 .00 .01 
 .01 .01 -.03 .00 .00 -.03 -.02 -.01 1st pers plural  -.02 -.03 .01 .06* .05 -.06 -.03 -.00 
 .01 -.09** .03 -.02 -.06* -.05 .01 -.03 2nd person -.03 -.01 -.04 -.03 .03 -.01 .02 -.03 
 .01 -.05 -.03 .02 .01 -.00 .01 .01 3rd pers singular -.01 .00 .03 -.01 .03 -.00 -.03 .03 
 -.01 -.01 -.03 -.00 .04 .01 .03 -.03 3rd pers plural -.07 .00 .03 .01 -.00 -.06 .01 .02 
 .11** .03 .09** .03 -.01 -.04 -.07* .03 Impersonal pronouns -.02 -.03 -.07* -.06 .00 -.02 .05 -.07* 
- .06 .05 -.00 .04 .08* -.02 .09** .00 Articles -.03 .08* .03 .03 .03 .03 -.01 .02 
 .05 -.06 -.04 -.03 -.06* -.09** -.03 -.02 Common verbs -.04 -.01 -.01 -.00 -.01 -.02 .03 .00  
 .06* -.07* -.07* -.01 -.05 -.07* -.05 -.02 Auxillary verbs -.05 -.03 -.04 -.05 -.01 -.07* .04 -.01  
 -.00 .03 -.01 -.00 -.01 -.05 .01 .00 Past tense -.00 -.03 .03 .05 .01 .03 .02 .00 
 .04 -.01** -.03 -.05 -.07* -.06 -.03 -.02 Present tense -.05 -.01 -.02 -.03 -.01 -.03 .01 -.00 
 .05 .08* .01 .02 .06 .02 -.02 .01 Future tense .00 .04 -.05 -.02 .00 -.05 .03 .01 
 .01 -.07* -.02 -.02 -.06 .01 -.06* -.04 Adverbs .02 .01 -.04 .02 -.02 -.05 .00 -.05 
 -.02 .06 .01 .00 .02 .03 .01 .00 Prepositions .02 .05 .04 .09** .00 -.03 -.02 .02 
 .02 -.04 -.02 -.04 -.07* .00 -.05 .02 Conjunctions .04 .05 -.01 -.02 -.02 .00 .03 -.03 
 .02 .02 -.00 -.00 .02 -.03 -.02 .03 Negations -.04 .01 .02 -.01 -.00 -.05 .02 .02 
 -.01 .06 -.04 .00 .00 .05 .03 -.02 Quantifiers .04 .06* .04 .06 .02 .01 .01 .01 
 .00 .01 -.05 -.01 -.01 .02 -.04 .03 Numbers .05 -.03 -.01 .06* .04 -.01 -.00 .06 
 -.01 .03 -.04 .01 .03 .04 .06* .03 Swear words -.01 -.04 .07* -.00 .08* .06* -.01 -.00 
 .03 -.08* .04 .01 -.00 -.07* .01 -.01 Social Processes -.02 -.01 -.01 -.02 .02 -.00 -.02 .01 
-.02 -.02 .01 -.01 .02 -.02 .04 -.02 Family .01 -.03 .01 -.02 -.04 .01 .01 -.03 
 .06 -.01 .00 .04 -.01 .02 -.07* .04 Friends .02 -.00 .01 -.04 -.02 .05 -.07* .03 
 .03 .09** .14**‡  .04 .06* -.05 -.00 .10** Humans .06 .01 .03 .01 .01 .05 -.03 .05 
 .07* -.06 -.03 -.02 -.06 -.01 -.10** -.05 Affective processes .01 -.04 .01 -.08* -.03 -.03 .00 -.03 
 .08** -.06 -.01 -.03 -.08** -.02 -.12**‡  -.04 Positive emotion .03 -.03 .02 -.08* -.04 -.03 -.00 -.03 
 -.02 -.01 -.06 .02 .05 .02 .05 -.02 Negative emotion -.05 -.03 -.01 -.01 .03 .00 .03 .00 
 -.02 -.03 -.05 -.02 -.02 -.01 .01 -.08* Anxiety .00 .03 .02 -.03 -.02 -.04 -.04 .01 
 -.03 .06 -.02 .05 .06* .04 .03 .05 Anger -.00 -.05 -.06 .04 .04 .05 .01 .01 
 -.05 .00 -.05 -.01 .02 .00 .05 -.03 Sadness -.01 .03 .02 .01 .02 -.00 -.01 .04 
 -.01 .04 .04 -.02 -.01 .05 .01 .01 Cognitive processes .02 .13**‡  .01 .00 -.04 .01 -.00 .01 
 -.00 -.01 .03 -.03 .01 .04 .04 -.02 Insight -.02 .06 .01 .04 -.01 -.00 .01 .00 
 -.05 -.09** -.06 -.03 .02 .01 .03 -.00 Causation .02 .02 .01 .02 -.02 .01 .05 -.06* 
 -.02 .03 .01 -.03 -.04 .05 .02 -.01 Discrepancy  -.01 .06 .02 -.02 -.01 -.00 -.00 .02 
 -.03 .01** .02 -.05 .03 .05 .01 -.06* Tentative .00 .06* -.01 .02 -.01 -.00 -.00 .03 
 .10** .08* .06 .03 .05 .06 -.05 .06* Certainty  .00 .04 .03 -.03 -.03 -.01 -.01 .02 
 -.00 .03 .03 .01 .01 -.04 .01 .03 Inhibition -.00 .00 -.01 -.00 .00 -.00 -.03 -.01 



 

 126 

Table 5.9 Continued: A Brunswik (1956) Lens Model Analysis of Values Judgments Based on LIWC Categories: Cue-Validity and 
Cue-Utilization Correlations 
 
 
 .04 .05 .05 .05 -.01 -.02 -.02 .06* Inclusive .05 .07* .02 .01 -.03 .01 -.05 .03 
-.04 .02 -.00 -.05 -.09** .06* .00 -.02 Exclusive -.05 .03 -.02 -.06 .00 -.03 .05 -.06 
-.00 .05 .05 -.01 -.00 .09** .01 -.02 Perceptual processes  .04 -.02 -.01 -.02 -.05 .05 .01 -.03 
-.05 .01 -.01 -.00 .02 .082* .04 -.01 See .01 .01 .02 -.02 -.04 .01 -.01 -.00 
-.03 .01 .04 -.02 .00 .05 .01 -.02 Hear .00 .00 -.01 -.01 -.05 .05 .00 .01 
 .04 .05 .04 .00 -.05 .06 -.02 -.04 Feel .06* -.03 -.03 -.00 -.02 .00 .01 -.05 
 .01 .00 .01 .01 -.04 .01 .04 .00 Biological processes .04 .02 .03 .07* -.04 .08* -.02 .00 
 .01 .06 .01 .00 .01 .03 .03 .04 Body .00 .00 -.02 -.01 -.01 .01 -.04 .05 
 .02 .01 .04 .01 -.02 .00 .03 -.01 Health .02 .02 .01 -.07* -.02 .02 .01 -.03 
 .01 -.01 -.01 .02 -.08* .00 .01 .00 Sexual .03 -.00 .05 -.01 -.02 .12**‡  -.05 .03 
-.05 -.06* -.05 -.01 .03 .00 .01 -.01 Ingestion .02 .02 .00 -.01 -.03 .03 -.00 -.00 
 .02 .08* .05 .03 .01 .04 -.06 .06 Relativity  .05 .06 .03 .08** .00 -.03 -.04 .04 
 .01 .02 .06 .06 .01 .00 -.01 .03 Motion .05 .02 .03 .01 -.04 .02 .07* .00 
 .05 .09** .02 .08* .04 .02 -.03 .03 Space .04 .02 .02 .04 .02 -.03 -.04 .02 
 -.02 .01 .04 -.07* -.02 .05 -.04 .01 Time .01 .04 -.00 .07* -.02 -.04 .00 .04 
 -.06* .03 -.03 .05 .02 -.05 .07* -.02 Work -.02 .04 .00 .04 .02 -.01 .00 -.00 
 -.09** -.06* -.05 -.02 -.06* .01 .04 -.05 Achievement .01 .05 -.03 .02 -.01 .04 .03 .02 
 -.00 -.00 .01 -.02 .00 -.00 -.02 -.00 Leisure .02 -.06 -.00 -.05 -.01 -.00 .03 -.01 
 .00 .00 -.03 -.03 -.04 .04 .00 -.04 Home -.00 .04 .06* -.07* .00 .06* -.00 -.02 
 -.04 .01 .02 .03 .08* -.03 .00 .02 Money -.05 .04 .01 .02 .00 -.01 .04 .04 
 -.05 .01 .03 -.07* -.02 .04 .05 -.03 Religion .01 .01 -.04 -.04 -.01 .05 -.00 .03 
 -.01 -.00 -.05 -.00 .01 .04 .00 -.03 Death .00 -.01 -.01 .02 .08* -.02 .02 .00 
 .09** -.05 .00 -.02 -.09** -.02 -.09** -.04 Assent .04 -.11** .01 -.09** -.03 -.01 -.00 -.01 
 -.01 .00 .05 .04 -.01 .00 -.04 .01 Nonfluencies .02 .02 -.01 .01 -.00 -.03 .01 -.01 
 -.03 .00 .00 -.01 -.01 -.02 .01 -.01 Fillers -.01 .00 .00 -.00 -.01 .01 -.02 .01 
 -.03 -.02 -.04 -.05 .01 .01 .01 -.03 Periods .00 .02 .00 .00 -.02 -.01 -.04 .01 
 -.05 .06 .02 -.05 .04 .12** .06* .00 Commas .02 .04 -.00 -.00 -.02 -.00 -.01 .03 
 -.03 -.07* -.08** -.03 -.02 .13**‡  .00 -.05 Colons .05 .02 .01 -.01 -.07* .00 -.03 .03 
 .02 .01 -.01 -.00 .02 .04 .01 .01 Semicolons -.00 -.01 .01 .00 -.01 -.01 -.00 .02 
 .04 -.03 .00 -.01 -.02 -.02 -.03 -.03 Question marks .00 -.06 -.03 -.06 .04 -.01 .01 .06* 
 .16**‡  -.06 -.01 -.02 -.12** -.10** -.12**‡  -.02 Exclamation marks .05 -.01 -.01 -.08* -.01 -.00 -.03 .02 
 -.02 .00 -.05 .01 .08** .06 -.00 -.00 Dashes .01 .09** -.01 -.03 -.04 -.04 -.01 -.00 
 .01 -.02 -.03 -.03 .05 .04 -.02 .03 Quotation marks -.00 -.00 -.00 .02 .02 .01 .00 -.02 
 -.01 .02 -.07* .06* .05 .05 -.00 -.06 Apostrophes .00 .01 .03 .00 -.05 -.03 -.03 .04 
 -.04 -.08* -.07* -.03 -.01 .11** .00 -.06 Parentheses  .02 .00 -.00 -.01 -.06* .00 -.03 .04 
 -.01 .00 -.05 -.02 .07* .05 .00 -.04 Other punctuation  -.03 -.08** .01 -.03 -.00 .01 .02 -.01 
 .02 -.04 -.07* -.09** -.00 .06 -.02 -.07* All punctuation  .04 .01 .00 -.05 -.05 -.02 -.05 .03 
 .00 -.04 -.05 -.05 -.04 .12** -.03 -.03 Smiley Emoticon .08* .06 .06 -.01 -.09** -.04 -.07* .05  
 .01 .02 -.04 -.05 -.02 .03 .03 -.02 Heart Emoticon  -.01 -.03 -.01 .06 -.01 -.03 .02 .02 
 -.07* -.09** -.15** -.04 -.03 .05 .01 -.11** Frown Emoticon  -.02 -.04 -.05 .03 .01 -.03 .03 -.03 
 -.04 .05 -.01 -.01 .06 -.01 .01 .02 Surprise Emoticon  .03 .05 .01 .02 -.00 .03 .00 .03 
Note. †p < .10 *p < .05 **p < .01 ‡p < .00004. Holm-Bonferroni corrected for multiple comparisons α = .00004. Intell. = Intelligence; Attr. = Attractiveness; Assert. = Assertive; Arrog. = Arrogant; Depr. = Depressed; Self 
Es. = Self Esteem.  
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Table 5.10: A Brunswik (1956) Lens Model Analysis of Big Five Judgments Based on Higher-Order LIWC Dimensions: Cue-Validity 
and Cue-Utilization Correlations 

     Cue-validity correlations          Cue-utilization correlation  
Extra. Agree. Cons. Neur. Open. Linguistic cues ("lens")  Extra.   Agree.    Cons.     Neur.     Open. 
 .04 .07* .08* .04 -.10** Immediacy  .01 -.06 .01 .04 -.05 
-.11**‡  .05 -.01 .02 -.02 Making Distinctions  -.10** -.03 .02 .03 -.02 
-.03 -.12** -.11** .01 .07* CDI  .04 .07* .03 -.05 .10** 
-.01 .02 -.02 .041 -.01 Relative Status   -.05 -.03 -.03 .02 -.01 
-.02 .10** .09** -.06* .02 Positivity   -.03 .06 .01 -.04 .02 
 .04 .01 .01 -.01 -.03 Social Reference  -.01 -.10** .04 .02 -.03 
Note. †p < .10 *p < .05 **p < .01 ‡p < .0008. Holm-Bonferroni corrected for multiple comparisons α = .0008. N = 942. Extra. = Extraversion; Agree. = 
Agreeableness; Cons. = Conscientiousness; Neur. = Neuroticism; Open. = Openness. 
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Table 5.11: A Brunswik (1956) Lens Model Analysis of Values Judgments Based on Higher-Order LIWC Dimensions: Cue-Validity 
and Cue-Utilization Correlations 

 
        Cue-validity correlations                 Cue-utilization correlation  
CO  TR  BE UN SD ST HE  AC PO SE Linguistic cues ("lens") CO  TR  BE  UN  SD  ST  HE  AC  PO         SE 
 .09** .11** .10** .10** -.09* -.03 -.04 -.04 .07 .03 Immediacy .04 .03 -.05 -.04 -.06 -.05 -.01 .01 .01 -.06 
-.08* -.06 -.01 .01 -.01 -.05 -.07 -.12**‡ -.05 .02 Making Distinctions .01 -.01 -.02 .05 -.03 -.09** .02 .02 .08* -.05 
-.11** -.11** -.10** -.06 .04 .04 .03 .02 -.09** -.01 CDI .02 -.06 .08* .06 .08* .10** .02 .02 .03 .03 
 .01 .02 .04 .07** .01 -.01 -.03 -.04 -.03 -.04 Relative Status .01 .01 -.05 -.03 -.08* -.04 -.05 -.05 -.04 -.02 
 .08* .08* .13**‡  .07 .01 .01 -.01 -.04 .10** .05 Positivity  .07** .02 .04 -.02 .01 -.02 .04 -.04 -.05 .05 
 .05 .10** .09** .02 .01 .01 .01 .03 .05 .02 Social Reference .09** .07** -.01 -.01 -.03 -.05 -.01 .03 .05 -.01 
Note. †p < .10 *p < .05 **p < .01 ‡p < .0004. Holm-Bonferroni corrected for multiple comparisons α = .0004. N = 942. CO = Conformity, TR = Tradition, BE = Benevolence, UN = Universalism, SD = Self-Direction, ST = 
Stimulation, HE = Hedonism, AC = Achievement, PO = Power, SE = Security.  

 
 
 



 

 129 

Table 5.12: A Brunswik (1956) Lens Model Analysis of Values Judgments Based on Higher-Order LIWC  Dimensions: Cue-Validity 
and Cue-Utilization Correlations 

   Cue-validity correlations     Cue-utilization correlations 
 Happy  Intell.       Attr.      Assert.    Arrog.     Liberal    Depr.   Self Es. Linguistic cues ("lens")         Happy   Intell.      Attr.      Assert.     Arrog.    Liberal    Depr.      Self Es. 
 .04  -.12**‡  -.05  -.07  -.14**‡  -.05 -.06  -.04   Immediacy    -.03 -.06  -.04 -.02  -.01 -.02  .02  -.03 
-.05  .05  -.02  -.08*  -.03  .08* .02  -.06   Making Distinctions   -.05 .03  -.02 -.04  .01 -.03  .05  -.01 
-.08*  .12**‡  .04  .05  .12** .06 .10**  .03   CDI     .04 .06  .08* .08*  .02 .06  -.06  .07 
-.06  -.06  -.08*  -.07*  -.06  -.01 .04  -.09*   Relative Status    -.03 -.04  -.05 -.01  -.03 .02  .02  .02 
 .09**  -.05  .02  -.05  -.10** -.03 -.14**‡   -.03  Positivity     .06 -.02  .02 -.08*  -.05 -.03  -.02  -.04 
 .04  -.09** .05  .02  -.01  -.08* .01  -.01   Social Reference   -.02 -.02  -.01 -.02  .03 -.01  -.03  .02 
Note. †p < .10 *p < .05 **p < .01 ‡p < .0005. Holm-Bonferroni corrected for multiple comparisons α = .0005. N = 942. Intell. = Intelligence; Attr. = Attractiveness; Assert. = Assertive; Arrog. = Arrogant; Depr. = 
Depressed; Self Es. = Self Esteem.  
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Table 5.13: A Brunswik (1956) Lens Model Analysis of Big Five Judgments Based on MEM Dimensions: Cue-Validity and Cue-
Utilization Correlations 

     Cue-validity correlations          Cue-utilization correlation  
Extra. Agree. Cons. Neur. Open. Linguistic cues ("lens") Extra. Agree. Cons. Neur.    Open. 
-.02 .05 .01 -.01 -.03 Finals .01 .03 .07 -.01 -.02 
-.01 -.06 -.02 .03 .02 Experiment -.03 .02 .02 -.01 .03 
-.07* .03 -.01 .06 .07* Intro Psych .03 .06 .03 -.02 .05 
 .04 .03 .05 .01 -.09* High School .03 .05 .03 -.08* -.01 
 .07* -.01 .04 -.01 .04 Geography/Background .11** .06 .06 -.05 .13**‡  
 .06 .02 -.06 -.03 .03 Interests/Activities  .03 .05 -.08* .01 .06 
Note. †p < .10 *p < .05 **p < .01 ‡p < .0008. Holm-Bonferroni corrected for multiple comparisons α = .0008. N = 942. Extra. = Extraversion; Agree. = 
Agreeableness; Cons. = Conscientiousness; Neur. = Neuroticism; Open. = Openness.  
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Table 5.14: A Brunswik (1956) Lens Model Analysis of Values Judgments Based on MEM Dimensions: Cue-Validity and Cue-
Utilization Correlations 

 
        Cue-validity correlations                 Cue-utilization correlation  
CO  TR  BE UN SD ST HE  AC PO SE Linguistic cues ("lens") CO  TR  BE  UN  SD  ST  HE  AC  PO     SE 
 .04 .03 .06 .03 .01 .01 .02 -.02 -.01 -.04 Finals .04 -.03 .02 -.01 .07 .03 .04 -.03 -.01 .02 
-.02 -.04 -.03 .03 .07* -.01 -.01 .05 .01 .01 Experiment .11** .06 .05 .12**‡  .05 .04 .03 -.04 .06 .04 
-.10** -.10** .01 .01 .04 -.01 -.02 -.03 -.02 -.07 Intro Psych -.05 -.05 .03 .08* .09** -.03 -.01 -.01 .05 -.04 
 .05 .05 .02 -.07 -.09** -.07 .05 .02 .07* -.02 High School .03 .06 .03 .02 -.02 .01 .03 .01 .03 -.03 
 .02 .06 .07* .03 .01 -.02 -.02 .01 .04 .02 Geography/Background .06 .04 .07 .12** .07* .10** .03 .06 .01 .11** 
-.03 -.01 -.02 .04 .05 .08* .01 .01 -.06 .02 Interests/Activities  -.04 -.03 -.01 .02 .02 .06 -.06 -.05 -.07* .09** 
Note. †p < .10 *p < .05 **p < .01 ‡p < .0004. Holm-Bonferroni corrected for multiple comparisons α = .0004. N = 942. CO = Conformity, TR = Tradition, BE = Benevolence, UN = Universalism, SD = Self-Direction, ST = 
Stimulation, HE = Hedonism, AC = Achievement, PO = Power, SE = Security.  
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Table 5.15: A Brunswik (1956) Lens Model Analysis of Values Judgments Based on MEM Dimensions: Cue-Validity and Cue-
Utilization Correlations 

   Cue-validity correlations        Cue-utilization correlations 
 Happy  Intell.       Attr.      Assert.    Arrog.     Liberal    Depr.   Self Es. Linguistic cues ("lens")                    Happy      Intell.      Attr.      Assert.     Arrog.    Liberal    Depr.      Self Es. 
 .01   .02  -.07 -.02  .07*  .02 .01  -.01   Finals       .01  .08*  .02 .07  .01  -.06 -.04 .02 
-.02   .03  .01 .05  .03  .04 .05  -.02   Experiment      .01  .03  .03 .01  -.01  .03 .01 .05 
-.09*  .05  -.03 -.04  .01  .13**‡  .09**  -.04   Intro Psych      -.03  .07*  -.01 .02  -.02  .08* -.02 .05 
 .03   -.01  .03 -.03  -.05  -.07 .01  -.02   High School      .02  -.01  .04 .06  -.02  -.04 -.07* .05 
 .06   .02  .01 .01  .01  -.02 -.02  .02   Geography/Background   .10**  .05  .10** .05  -.06  .03 -.10** .09* 
 .06   .05  .06 -.03  .02  -.02 -.09**  .06   Interests/Activities     .03  -.06  .04 -.06  -.05  .03 .03 .05 
Note. †p < .10 *p < .05 **p < .01 ‡p < .001. Holm-Bonferroni corrected for multiple comparisons α = .001. N = 942. Intell. = Intelligence; Attr. = Attractiveness; Assert. = Assertive; Arrog. = Arrogant; Depr. = 
Depressed; Self Es. = Self Esteem.  
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Table 5.16: Top correlations between personality and individual words.  

    Num. of words   
Trait    sig. p < .05   Top 5 words 
Big Five 
 Extraversion    27  San Antonio (-.10), pretty (-.10), wait (.10), oh (.09), team (.09)   
 Agreeableness   12  advertising (-.09), left (-.08), morning (.08), government (-.08), country (-.08)  
 Conscientiousness  13  human (.10), med (.09), want (.09), guy (-.09), sibling (-.08)  
 Neuroticism    8  advertising (.09), graduate (.09), parent (.08), ready (-.08), forget (-.08)  
 Openness   16  city (.11), advertising (.10), basically (.09), biology (-.09), nice (-.08)  
Values 
 Conformity    13  lol (.14), program (-.09), time (-.08), job (-.08), college (-.08)  
 Tradition   15  oh (.10), nursing (.10), school (.10), awesome (.08), pretty (-.08) 
 Benevolence    15  engineering (-.10), ready (.09), love (.09), nursing (.09), want (.09)  
 Universalism    11  involve (-.10), write (.09), want (.08), school (-.08), music (.08) 
 Self-Direction   21  Houston (-.11), involve (-.09), weird (-.09), computer (.09), crazy (-.08) 
 Stimulation    21  totally (.11), Houston (-.10), chat (-.10), live (-.10), team (.09) 
 Hedonism    9  remember (-.10), law (.09), Austin (-.08), finish (-.08), work (-.08)  
 Achievement    11  law (.09), switch (-.08), engineering (-.08), kids (.07), class (.07)  
 Power    17  hear (-.11), great (.10), live (.09), want (.08), year (.08)   
 Security    18  yeah (.09), yep (-.09), word (.09), hm (.08), haha (.08)  
Single-Item Traits 
 Happy     15  awesome (.11), music (-.09), haha (.09), college (-.09), town (.08)  
 Intelligent   15  oh (-.11), undeclared (-.10), how (-.10), awesome (-.09), want (-.09) 
 Attractive   21  people (.11), omg (-.09), med (.09), Friday (-.09), school (.08) 
 Assertive   21  talk (-.10), biology (-.09), gotcha (.09), law (.08), guess (-.08)  
 Arrogant   17  law (.10), oh (-.09), old (-.08), benchmarks (-.08), lol (-.09)  
 Liberal    23  involve (-.14), high school (-.14), meet (-.14), psychology (.10), city (.10) 
 Depressed   15  play (-.11), click (.10), Dallas (-.10), haha (-.09), engineering (-.09)  
 Self-Esteem   15  chat (-.11), omg (-.09), write (.09), totally (.09), room (-.08)  
Note. N = 942. Based on a total of 214 words.
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Table 5.17: Dyad-Level LSM Correlates  

Dyad-Level Variable 
Self-other agreement (average) .02 
Distinct self-other agreement (average) .03 
Self-other similarity  .01 
Distinct self-other similarity  .03 
IRQ: Liking (average) .23**‡  
IRQ: Dominance (average) -.05 
Note. †p < .10 *p < .05 **p < .01 ‡p < .008. Holm-Bonferroni corrected for multiple 
comparisons α = .008. N = 471. 
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Table 5.18: Dyad-Level Personality Correlates  

Trait                             LSM        Immediacy    Making         CDI        Positivity      Social     Geography/    Interests/      Finals    Experiment      Intro    High School/ 
                                                                        Distinctions                    Reference      Origin       Activities         Psych          Major 
Extraversion .10* .01 -.20**‡  .05 -.04 -.01 .12** .10* .02 .03 .04 .10* 
Agreeableness .05 .08 -.03 -.04 .13** -.08 .10* .06 .08 .02 .11* .10* 
Conscientiousness .03 .10* -.04 -.10* .12* -.02 .11* -.05 .04 .02 .04 .09 
Neuroticism -.02 .13** .09 -.06 -.18**‡  .02 -.04 -.06 -.01 -.03 .03 -.12* 
Openness .05 -.09 -.08 .11* .10* -.06 .18**‡  .06 -.01 .01 .17**‡  -.05 
Happy .06 .04 -.13**‡  -.05 .13**‡  -.02 .11* .07 .04 .01 -.07 .05 
Intelligent .07 -.07 .04 .11* .01 -.12** .09 .08 .15**‡  .07 .12* .08 
Attractive .03 -.03 -.01 .06 .07 .01 .06 .08 -.06 .07 .03 .04 
Assertive .04 -.10* -.07 .10* -.06 -.06 .05 .02 .03 .03 .02 .01 
Arrogant .04 -.15**‡  -.03 .14** -.09 .01 -.09 -.06 .09 .05 -.03 -.05 
Liberal .02 -.06 .05 .10* .01 -.07 .05 .06 .03 -.02 .18**‡  -.08 
Depressed -.08 -.04 .08 .05 -.16** .04 -.02 -.14** -.06 .06 .05 -.08 
Self-Esteem .09 -.03 -.12* .11* -.02 -.05 .03 .08 .01 .03 .06 .09 
Tradition .06 .10* -.11* -.12* .07 .14** .02 -.07 -.05 .05 -.19**‡  .06 
Benevolence .06 .01 -.07 -.03 .12* .07 .12* .01 -.01 -.01 .06 .06 
Universalism .09 .12* .03 -.09 .09 .05 .11* .09 .01 .01 .08 -.06 
Self-Direction .12* -.08 -.03 .11* .04 -.09 .08 .11* .04 .11* .15** -.02 
Stimulation .01 -.09 -.10* .13** .02 -.05 .12* .14** -.03 .04 -.02 -.02 
Hedonism .01 .02 -.05 .02 .02 -.05 -.01 .03 .04 .02 .01 .10* 
Achievement -.02 -.08 -.08 .08 -.03 .03 .03 .02 -.09 .05 -.03 .07 
Power .07 .04 -.06 -.03 .03 .06 .07 -.08 -.04 .06 .02 .11* 
Security  .09 -.04 -.04 .04 .08 -.03 .14** .12* -.04 .08 -.06 -.01 
Note. †p < .10 *p < .05 **p < .01 ‡p < .0002. Holm-Bonferroni corrected for multiple comparisons α = .0002. N = 471. 
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APPENDIX A 

 
Pre-Chat Measure (self-report) 
 

 
For each personality trait below, rate the extent to which you agree or disagree that it applies to you 
using a 7-point scale from “disagree strongly” to “agree strongly”.  Rate yourself compared to the average 
UT student. For example, if the trait is “extraverted” and you think that you are extremely extraverted 
compared to most UT students, you would choose a 6 or 7 on the scale, then go on to the next trait and 
continue rating yourself.  
 
TIPI  
 
Disagree Disagree Disagree      Neither agree        Agree         Agree                  Agree 
Strongly moderately a little          nor disagree        a little             moderately         strongly 
      1   2     3   4  5  6  7 
 

I See MYSELF as Someone Who is. . . 
 

_____   1. Extraverted, enthusiastic 

_____   2. Critical, quarrelsome   

_____   3. Dependable, self-disciplined  

_____   4. Anxious, easily upset   

_____  5.  Open to new experiences, complex 

_____  6.  Reserved, quiet   

_____  7.  Sympathetic, warm   

_____  8.  Disorganized, careless   

_____  9.  Calm, emotionally stable  

_____10.  Conventional, uncreative  

  

Additional Personality Traits 

Disagree Disagree Disagree      Neither agree        Agree         Agree                  Agree 
Strongly moderately a little          nor disagree        a little             moderately         strongly 
      1   2     3   4  5  6  7 

 

I See MYSELF as Someone Who is. . . 
 

_____   11.  Happy, satisfied with life    



 

 137 

_____   12.  Intelligent 

_____   13.  Physically attractive     

_____   14.  Assertive          

_____   15.  Arrogant, thinks too much of him/herself    

_____   16.  Politically liberal          

_____   17.  Depressed       

  
 
Disagree Disagree Disagree      Neither agree        Agree         Agree                  Agree 
Strongly moderately a little          nor disagree        a little             moderately         strongly 
      1   2     3   4  5  6  7 
 
I see MYSELF as someone who… 
 
_____   18.  Has high self-esteem        

  
 
TIVI  
 
Here, we briefly describe some people.  Please read each description and think about how much 
each person is or is not like you.  Using a 6-point scale from “not like me at all” to “very much 
like me”, choose how similar the person is to yourself.  
 
 
Not like  Not   A little             Somewhat         Like me          Very much  
me at all like me  like me              like me                like me 
1     2      3     4    5           6 

 
 

_____   19. He/she believes he/she should always show respect to his/her parents and to older people. It is 
important to him/her to be obedient. 
 
_____   20. Religious belief is important to him/her. He/she tries hard to do what his religion requires. 
 
_____   21. It's very important to him/her to help the people around him.  He/she wants to care for their 
well-being. 
 
_____   22. He/she thinks it is important that every person in the world be treated equally.  He/she 
believes everyone should have equal opportunities in life. 
 
_____   23. He/she thinks it's important to be interested in things.  He/she likes to be curious and to try to 
understand all sorts of things. 
 
_____   24. He/she likes to take risks.  He/she is always looking for adventures. 
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_____  25. He/she seeks every chance he/she can to have fun. It is important to him/her to do things that 
give him/her pleasure. 
 
_____   26. Being very successful is important to him/her.  He/she likes to impress other people. 
 
_____   27. It is important to him/her to be in charge and tell others what to do.  He/she wants people to 
do what he says. 
 
_____   28. It is important to him/her that things be organized and clean.  He/she really does not like 
things to be a mess. 
 
 
External Criterion 

 
 

_____   29. What grade do you think you will receive in this course? (select A, B, C, D, or F) 
 
 
 



 

 139 

APPENDIX B 

 
Post-Chat Measure (other-report) 

 
Now we’d like to learn what impressions you formed of your chat partner. For each personality 
trait below, rate how well the trait describes your conversation partner along a 7-point scale 
from “disagree strongly” to “agree strongly”.  As before, rate him/her compared to the average 
UT student.  
 
If somehow you ended up in a chat room with two other people, please choose one person to 
rate.  
 
TIPI  
 
Disagree Disagree Disagree      Neither agree        Agree         Agree                  Agree 
Strongly moderately a little          nor disagree        a little             moderately         strongly 
      1   2     3   4  5  6  7 
 
I See MY CONVERSATION PARTNER as Someone Who is . . . 
 

_____   1. Extraverted, enthusiastic 

_____   2. Critical, quarrelsome   

_____   3. Dependable, self-disciplined  

_____   4. Anxious, easily upset   

_____  5.  Open to new experiences, complex 

_____  6.  Reserved, quiet   

_____  7.  Sympathetic, warm   

_____  8.  Disorganized, careless   

_____  9.  Calm, emotionally stable  

_____10.  Conventional, uncreative  

Additional Personality Traits 

Disagree Disagree Disagree      Neither agree        Agree         Agree                  Agree 
Strongly moderately a little          nor disagree        a little             moderately         strongly 
      1   2     3   4  5  6  7 

 

I See MY CONVERSATION PARTNER as Someone Who is. . . 
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_____   11.  Happy, satisfied with life    

_____   12.  Intelligent 

_____   13.  Physically attractive     

_____   14.  Assertive          

_____   15.  Arrogant, thinks too much of him/herself    

_____   16.  Politically liberal          

_____   17.  Depressed  
 
Disagree Disagree Disagree      Neither agree        Agree         Agree                  Agree 
Strongly moderately a little          nor disagree        a little             moderately         strongly 
      1   2     3   4  5  6  7 
 
I see MY CONVERSATION PARTNER as someone who… 
 
_____   28.  Has high self-esteem        

  
 
TIVI  
  
Here, we briefly describe some people.  Please read each description and think about how much 
each person is or is not like your conversation partner.  Using a 6-point scale from “not like 
him/her at all” to “very much like him/her”, choose how similar the person is to yourself.  
 
 
 
Not like  Not   A little             Somewhat         Like him/her          Very much  
him/her at all like him/her like him/her      like him/her      like him/her 
1     2      3     4    5           6 

 
 

_____   19. He/she believes he/she should always show respect to his/her parents and to older people. It is 
important to him/her to be obedient. 
 
_____   20. Religious belief is important to him/her. He/she tries hard to do what his religion requires. 
 
_____   21. It's very important to him/her to help the people around him.  He/she wants to care for their 
well-being. 
 
_____   22. He/she thinks it is important that every person in the world be treated equally.  He/she 
believes everyone should have equal opportunities in life. 
 
_____   23. He/she thinks it's important to be interested in things.  He/she likes to be curious and to try to 
understand all sorts of things. 
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_____   24. He/she likes to take risks.  He/she is always looking for adventures. 
_____   25. He/she seeks every chance he/she can to have fun. It is important to him/her to do things that 
give him/her pleasure. 
 
_____   26. Being very successful is important to him/her.  He/she likes to impress other people. 
 
_____   27. It is important to him/her to be in charge and tell others what to do.  He/she wants people to 
do what he says. 
 
_____   28. It is important to him/her that things be organized and clean.  He/she really does not like 
things to be a mess. 

 
 
External Criterion 
 
 
_____   28. What grade do you think your conversation partner will receive in this course? (select A, B, 
C, D, or F)  
 
 
Definitely Male   Probably Male     Not sure   Probably Female      Definitely Female 
 1   2  3  4     5 
 
_____   29. What gender do you believe your partner to be?  
 

 
IQR 
 
Thinking back on your interaction with your classmate during the discussion please answer the following 
questions: 

 
1  2  3  4  5 
Not at all         Somewhat                                    A great deal 
 
 
_____   1. To what degree did you enjoy the interaction? 
 
_____   2. To what degree do you feel you got a good sense of the other person? 
 
_____   3. To what degree did the interaction go smoothly? 
 
_____   4. To what degree did you control the conversation? 
 
_____   5. To what degree did you “click” with the other person? 
 
_____   6. To what degree did you have more status or power than the other person in the conversation? 
 
_____   7. To what degree would you like to interact with this person again in the future? 
 
_____   8. How much do you like your conversation partner? 
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_____   9. To what degree did you know your conversation partner before this assignment?  
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APPENDIX C 

 
Chat Instructions 
 
Chat Instructions (before being placed in chat room) 
 
“When you click ‘Next’, you will be randomly placed in a chat room with one of your 
classmates. Once you have been matched with someone, you will spend the next 15 minutes 
talking with that person. Use this time to get to know one other. You are not limited to a 
particular topic of conversation. Try to keep chatting with one another for the full 15 minutes. 
When you are finished, you will be asked to answer some questions about the interaction and 
about one another.” 
 
Chat Instructions (at the top of the chat room)  
 
“Please introduce yourselves and spend the next 10 minutes trying to get to know one another. 
Do your best to chat for the full 10 minutes.”  
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Table S.1: Rotated Factor Loadings for Principle Components Analysis of Higher-Order Linguistic Dimensions 

                             Factor 1:                      Factor 2:                Factor 3:         
                              Dynamic            Positive Personal        Non-Social  
           Self-Disclosure          Small Talk  
Dimensions      (16.0% variance)  (12.4% variance)  (10.2% variance)   
Immediacy .84 .04 .12  
Categorical-Dynamic Index -.83 .12 .15 
Intro Psych -.22 -.62 .21 
Positivity  .16 .60 -.05 
Making Distinctions  .27 -.57 .04 
Interests/Activities  -.14 .34 .20 
Geography/Background -.08 .27 .17 
Social Reference  .24 .24 -.74 
Relative Status .47 .04 .49 
Experiment  -.22 -.14 -.44 
Finals .04 -.01 .37 
High School/Major -.19 .08 .28 
Note. N = 942. Kaiser-Meyer-Olkin Measure of Sampling Adequacy = .535. Bartlett’s Test of Sphericity = 974.63, p < .001. Varimax 
rotated.  
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Table S.2: Rotated Factor Loadings for Principle Components Analysis of Personality/Value Variables  

      Factor 1:                  Factor 2:     Factor 3:      Factor 4:     Factor 5:        
           Emotional Stability/                 Extraversion/   Openness/    Agreeable/           Conscientiousness/ 
                   Positive Self-Image                 Go-Getter      Liberal     Deferent                    Control 
Variable    (13.1% var.)  (12.8% var.)  (10.6% var.)   (9.6% var.)     (7.9% var.)   
Happy  .79 .03 -.03 .24 .07 
Depressed -.78 -.00 .08 -.16 .00 
Neuroticism -.75 .12 -.04 -.01 .00 
Self-Esteem .73 .30 .08 .02 .07 
Attractive .44 .36 .14 -.08 .17 
Intelligent .40 .25 .22 -.20 .33  
Achievement  -.01 .75 -.02 .02 .08 
Assertive .21 .65 .20 -.04 .10 
Hedonism  -.01 .61 -.03 .11 .23 
Arrogant  -.00 .57 -.15 -.29 -.25 
Extraversion  .30 .54 .18 .30 -.16 
Security  .17 .36 .29 .19 -.31 
Openness .12 .09 .73 -.10 -.04  
Self-Direction .04 .15 .70 -.03 .05 
Stimulation  .12 .38 .59 .03 -.26 
Universalism  -.10 -.29 .55 .14 .13  
Liberal -.10 -.19 .50 -.43 -.03 
Tradition  .06 .09 -.20 .71 .02 
Conformity  .10 .07 -.13 .67 .25 
Benevolence  .01 -.17 .38 .63 .08 
Agreeableness .25 -.45 .23 .48 .04 
Conscientiousness .17 -.01 .02 .16 .82 
Power  .05 .13 -.03 .17 .76 
Note. N = 942. Kaiser-Meyer-Olkin Measure of Sampling Adequacy = .77. Bartlett’s Test of Sphericity = 5879.45, p < .001. Varimax rotated. 
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