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Limited research has been conducted with regards to the applicability of topic extraction 

techniques in Sociology. Addressing the modern methodological opportunities, and responding 

to the skepticism with regards to the absence of theoretical foundations supporting the use of text 

analytics, I argue that Latent Semantic Analysis (LSA), complemented by other text analysis 

techniques and multivariate techniques, can constitute a unique hybrid method that can facilitate 

the sociological interpretations of web-based textual data. To illustrate the applicability of the 

hybrid technique, I developed two case studies. My first case study is associated with the 

Sociology of media. It focuses on the topic extraction and sentiment polarization among partisan 

texts posted on two major news sites. I find evidence of highly polarized opinions on comments 

posted on the Huffington Post and the Daily Caller. The highest polarizing topic was associated 

with a commentator’s reference on Hoodies in the context of the Trayvon Martin’s incident. My 

findings support contemporary research suggesting that media pundits frequently use tactics of 

outrage to provoke polarization of public opinion. My second case study contributes to the 

research domain of the Sociology of knowledge. The hybrid method revealed evidence of topical 

divides and topical “bridges” in the intellectual landscape of the British and the American 

sociological journals. My findings confirm the theoretical assertions describing Sociology as a 

fractured field, and partially support the existence of more globalized topics in the discipline. 
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CHAPTER 1 

INTRODUCTION 

1.1 Background 

The onset of the information Age has been demarcated by the rise of the digital (new 

media) revolution at the beginning of the 1990s. Friedman (2006) with his work, The world is 

flat, predicted the vital role of new technologies in the global digitized society. He argued that 

the new economic, political and social realities will be strongly associated with the widespread 

use of new emerging technologies. He predicted that technological uniformities would establish 

structural and cultural symmetries across nations at a global scale (1999; p.7). The discovery of 

the Internet have set a landmark of “flattening” the world, and have submerged individuals, 

households, firms, and institutions into an unremitting expansion of digital communication 

networks. The data published by the Pew Research Internet Project (2014) have shown a 

relentlessly increasing pattern of internet use in the U.S. in the last 20 years and of social media 

use in the last 10 years. The trends (see figure 1) illustrate the expansive usability of integrative 

technologies, and the expansion of digital communities formed in the digital era. The “big data 

revolution” (Cuzzocrea et al, 2011) is characterized by an enormous volume of information 

repositories, high velocity of information flow, and a wide diversity of information channeling. 

In conjunction with other technological developments, the immense use of the Internet has 

introduced new modes of Information and Communication Technologies (ICTs). 

The digitization of textual and symbolic content appearing in various styles, such as e-

mails, social media, newspaper blogs and other digital spaces, stimulate a relentless flow of 
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information. More archival data are accrued in digital repositories than ever before, and by 2011 

the amount of data collected every two days was equivalent to all data ever collected before 2002 

(Bail, 2014). Large collections of high quality digitized textual data are available, and easily 

accessible to all internet users. An ongoing wave of innovative methodological techniques is 

associated to a certain extent with the expansion of the “Big Data Revolution.”  

 

 
Data Source: Fox, S., & Rainie, L. (2014). Pew Research Internet Project  

http://www.pewinternet.org/data-trend/internet-use/internet-use-over-time/ 

http://www.pewinternet.org/data-trend/social-media/social-media-use-all-users/ 

Figure 1. Trends on Internet and Social Media use in the U.S., 1995-2014 

Interdisciplinary research works on text mining
1
 have contributed to the development of 

sophisticated algorithms for topic extraction, topic modeling, opinion mining, and more. Text 

                                                 

1 Text mining is also referred to data mining, and its equivalent to text analytics (Miner, 2004).  
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mining involves a process of collection and analysis of natural language texts (Miner, 2004). 

Collaborative works between social scientists, computer scientists and information technology 

experts have shown great promise in utilizing and making sense of the context of large volumes 

of digital data (Wiedemann, 2013). Researchers and practitioners in the fields of Information 

Systems, Decision Sciences, Management, and Marketing are the pioneers of text mining 

identifying its potential academic and professional use in web based textual data. Their primary 

objective is to develop a set of innovative methodical techniques enhancing former decision 

making models widely used in business, government, education and marketing. All text mining 

techniques intend to extract and analyze vast amounts of textual data archived in digital 

repositories. In academia, modern data mining techniques are widely used to identify content 

attributes of large volumes of textual data that can facilitate the exploration and explanation  of 

social phenomena (Evangelopoulos et al, 2012; Merono-Cerdan and Soto-Acosta, 2007).  

But how does the discipline of sociology react to the ongoing development of text 

analytics? Before the invention of social media, in the late 1990s there was a significant interest 

in studying cultural frames, meanings, texts, and quantitatively interpretative methodologies of 

textual content (Mohr, 1998). Mohr supported that several research studies on methodological 

synthesis were based on a very simple process; “get the text, find the use, and map the meaning” 

(Mohr, 1998). At the rise of the big data revolution sociologists appeared reluctant adopting 

modern text mining techniques suitable for the analysis of web-based textual data. A great deal 

of skepticism was originated by the limitation of sampling bias. In early 2000s textual web-data 

could not produce generalizable results because of the limited number of internet users across the 

American public (DiMaggio and Bonikowski, 2008; DiMaggio et al., 2001). However, in 2012 
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nearly fifty percent of the American population was using at least one source of social media on 

a daily basis accumulating a vast amount of archived textual data (Bail, 2014). 

Despite the obstacles, such as the lack of information with regards to the social context of 

the digital texts, the reliability of the computer assisted coding schemes (Griswold and Wright, 

2004), and the limited programming training of social scientists, there has been an increasing 

interest in examining the applicability of text mining and automated data collection in 

sociological theory driven studies (Ignatow, 2015; Bail, 2014; Mohr and Bogdanov, 2013). In the 

last 3 years sociological journal editors, and conference organizers seem inclined inviting articles 

For instance the journal poetics invited works on the cultural implications of topic extraction and 

topic modeling techniques (DiMaggio et al., 2013) revealing the emerging interest of sociologists 

in modern text analytics. In Chapter 2 of this dissertation I discuss the historical development 

from the first types of content analysis and text analysis leading to the modern text analytic 

techniques. 

1.2 The Purpose of this Dissertation 

Addressing the modern methodological opportunities, and responding to the skepticism 

with regards to the application of text analytics on sociological studies, in this dissertation I 

employ hybrid methodological techniques to explore the media outrage and opinion polarization 

(case study I) across social media, and the intellectual geography of Sociology across the 

American and British journals (case study II). In brief, the proposed hybrid method consists of 

the following techniques, (1) latent semantic analysis (LSA), with which I extract topics from 

large volumes of unstructured web-based textual data (see case studies I&II), (2) sentiment 
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analysis (SA) with which I mine commenters’ opinions on the extracted topics (see case study 

I), (3) cross tabulation analysis to detect significant differences on topic by sentiment 

distributions (see case study I), and topic by journal distributions (see case study II), (4) 

polarization index (PI), with which I detect polarization on opinions and topic preferences (see 

case studies I&II), and (5) correspondence analysis with which I produce topic maps showing 

the distribution of topics in the sentiments’ space (see case study I), and the distribution of topic 

preferences in the journals’ space (see case study II). 

The objective of my dissertation is to illustrate the applicability of text analytics 

exploring and explaining sociological phenomena taking advantage of the large availability of 

textual data on electronic repositories. My two case studies illustrate the use of the hybrid 

method on Sociology of Media, and the Sociology of Knowledge. The measurement of the 

variables included in my models is based on “language-domains. (McFarland et al. 2013). My 

dissertation addresses the general inquiry on how text analytics can contribute to sociological 

interpretations of big data. The major contribution of my dissertation is that it combines text 

qualitative (interpretive) and quantitative (deterministic) methods increasing the accuracy and 

validity of the results. Also the hybrid method complements the traditional quantitative 

techniques used for the analysis of surveys and other data collection instruments. The illustrated 

methods can factorize the content of open ended questions identifying the attributes of the latent 

variables hidden in the text. Through the factorization of the textual content, social researchers 

will be able to incorporate qualitative data into advanced quantitative models.  

1.2.1 Research Question 

My dissertation is designed to address the following research question: 
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 Can topic extraction techniques contribute to the sociological interpretations of 

big data? 

To illustrate the applicability of the topic extraction techniques to the sociological 

interpretations of big data, I developed two case studies. 

1.3 Two Case Studies 

In the following two subsections of this introductory chapter, I summarize the design and 

purpose of my two case studies. I briefly discuss their objective.  Emphasis is given to the 

theoretical frameworks followed and the hybrid method employed.  

1.3.1 Case Study I: An Illustration of Topic Extraction and Opinion Mining Techniques: The 

Effect of Media Pundits on Opinion Polarization across Partisan News 

Sites 

In my first case study I investigate the thematic origins of polarization among readers of 

liberal and conservative news sites. Berry and Sobieraj (2013) argued that a new era of social 

media outrage has emerged. Media pundits employ tactics of outrage producing divisive 

sentiments across audiences with controversial beliefs, ideas and aspirations. Such provoking 

practices make audiences from different ideological, political or moral orientations, to engage in 

disputes expressing aggressive arguments. As a result media celebrities set the stage of radical 

debates across groups of political, ideological, or religious partisans. I collected comments 

posted on the Daily Caller and the Huffington Post in the context of the Trayvon Martin incident. 

By employing LSA, I extracted the topics discussed in the two sources. Also I used SA to mine 

commenters’ opinions on the extracted topics, and I computed the PI seeking evidence of 
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opinion polarization. Finally I implemented CA to produce correspondence maps exhibiting the 

distribution of topics in the sentiments space.  

The hybrid method produced interpretable results supporting findings of former studies. 

My findings revealed opinion polarization on topics related to the media pundits’ provocative 

comments in the context of the Trayvon Martin incident. Also the topic gun appears to be 

divisive across the commenters of the two news sites. My findings support the notion of the 

polarizing effect of outrage practices (Berry Sobieraj, 2013), while the second points out the 

conflicting attitudes on gun policies between the liberal and conservative commenters. I explore 

the impact of media celebrities on polarization of opinions among liberal and conservative 

partisans. 

1.3.1.1 Case Study I: Research Questions 

 Can topic extraction techniques contribute to the discovery of opinion polarization 

across political partisans? 

 Do high profile commentators contribute to the opinion polarization across the 

commenters of partisan news sites?  

 What topics produce controversial sentiments across the commenters of partisan news 

sites? (exploratory) 

1.3.2 Case Study II: An Illustration of Topic Extraction Techniques to Track Sociological 

Topic Divides: A Comparative Study 

My second case study explores the intellectual geography of sociology identifying and 

extracting the topics published in mainstream American and British sociological journals. Abbot 
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(2001) argued that sociology is a divisive discipline fractured by the methodological and 

theoretical dilemmas. More recent studies (Heilbron, 2013; Pajić, 2014; Meter and Saint Leger, 

2014) indicate a more globalized topical structure in the discipline.  

In this study I employ a hybrid methodology to detect which topics divide the discipline. 

Following Abbott (2001) I seek evidence of topical fractures (i.e.Theory vs. Methods). Also I 

aim to detect the convergent topics forming topical bridges across the intellectual landscape of 

Sociology (Heilbron, 2013; Pajić 2014; Meter and Saint Leger, 2014). The topical divides and 

“bridges” can be detected from the topical preference across the most influential sociological 

journals. I theoretically argue that journal articles provide the space where the agents of 

knowledge produce, and consume ideas in an arrangement of constant flow of information 

shaping the field of the sociological knowledge. 

I collected 11,793 abstracts from eight sociological journals and I extracted the most 

significant topics describing the intellectual landscape of Sociology. I performed cross-tabulation 

analysis to detect what topics significantly differ across the American and British journals, and I 

computed the PI seeking evidence of divergence on topical selection. Also I implemented CA to 

produce correspondence maps exhibiting the distribution of preferred topics in the journals’ 

space. Finally I performed trend analysis to track changes in the topical landscape of Sociology 

over time. The results of the hybrid methods described the intellectual geography of the 

American and British Sociology, and identified 13 divisive and 7 bridging
2
 topics across the 

American and British journals. Also the trend analysis revealed that the publication rates of most 

                                                 

2
 The term bridging refers to the concurrent topical preferences across different groups of journals. A bridging topic 

is illustrated by similar publication rates of scholarly articles on that topic across the journals. Topical bridging is not 

referring to the similar views on a topic, but only on the consensus that the topic is important. 
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abstract topics (e.g. theory) deteriorate, while the rates of more specialized topics (e.g. gender, 

economic sociology) appear to increase. Finally my results show consistent divergence in the 

topics methods and theory verifying the different intellectual traditions of the American and 

British sociological schools of thought. This case study employs a hybrid method aiming to track 

the intellectual landscape of sociology addressing three research questions. 

1.3.2.1 Case Study II: Research Questions 

 Can topic extraction techniques describe the intellectual landscape of sociology? 

  What topics appear to contribute the most to the division of the intellectual landscape in 

Sociology across the American and British journals?  

 What are the bridging topics across the American and British journals?  

1.4 The Design of this Dissertation 

Concluding this introductory chapter of my dissertation, I provide a brief description my 

dissertation’s design. The next chapters focus on the history of text analysis, the technical details 

of the hybrid method, the two case studies and the general conclusions of my dissertation 

research.  In chapter 2, I begin my survey on text analysis by discussing the intellectual 

development of the field. Also I focus on its former use on qualitative and quantitative studies. In 

chapter 3 I describe the technical aspects of all the techniques incorporated to the development of 

my proposed hybrid method. Chapters 4 and 5 focus on the application of the method to two 

sociological case studies. Finally in chapter 6, I draw the conclusions of this dissertation, and I 

recommend several research topics where the proposed method could be applied in the future. 
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CHAPTER 2 

THE INTELLECTUAL DEVELOPMENT OF TEXT ANALYSIS 

2.1 Historical Background 

In this chapter I discuss the methodological development of content analysis emphasizing 

the history, evolution and application of quantitative and qualitative methods to the 

methodological family of text analysis.  

Text analysis was found as an integrated formal methodological technique in early 1950s. 

It was defined as “a research technique for the objective, systematic and quantitative description 

of the manifest content of communication” (Berelson, 1952, p.18). Several social researchers and 

methodologists have argued over time that the origins of content analysis are linked to the 

philosophical foundations of logic, cognition, conscious understanding (Krippendorff, 1980, 

p.9), and rhetoric (Neuendorf, 2002). Content analysis’ intellectual roots can be found in the 

philosophical postulates of communication content, semiotics and rhetorical practices 

(Neuendorf, 2002). Aristotle explained the art of communication as a conscious sensory process 

of objectification and interpretation of signs (semiology). More advanced postulates describing 

the communication process included morphemes and symbols to the content of communication 

analysis (Modrak 2001, p.110).  

Aristotle conceptualized signs as products of reflexive awareness of the environment 

Sings can be expressed by words, images, and human artifacts. They form cognitive schemas 

indicating manifest and latent meanings of observations, thoughts, feelings, opinions, sentiments 
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and aspirations (Modrak 2001, p.110). Aristotle’s postulate on communication content was based 

on the study of signs, the first type known type of semiotic analysis. 

Succeeding Aristotle’s philosophical postulates on the interpretative understanding of 

signs, Augustine classified signs into two unique categories; the natural and the conventional. 

Natural signs do not intentionally signify for something beyond their occurrence, but they 

naturally indicate an underlying condition (latency). On the other hand, conventional signs are 

linked to living entities that use words for the purpose of comprehending and expressing sensory 

conceptions (manifestation). Many centuries had passed until the theoretical postulates on 

communication content were used on empirical inquiries. Krippendorff (1980) pointed out three 

distinctions between the philosophical and empirical notion of communication content analysis 

(p. 9). He stated that content analysis is not a postulate, but it has an empirical orientation 

designed to explore, describe and predict social phenomena.  

In the late 1600s the first known empirical inquiry of communication content was 

developed to respond to Church’s’ concerns with regards to the extent of nonreligious newspaper 

articles (Krippendorff, 1980, p.13). Then, the technological advancements of the Industrial 

Revolution had a major impact on the intellectual growth of content analysis. The large volumes 

of textual data availability in the Press draw the attention of journalists to analyze the topics 

appearing in the news. The first officially recorded, study using quantitative textual analysis 

occurred at the end of the 19th century (Downe‐Wamboldt, 1992) when Speed (1893) conducted 

a quantitative newspaper text analysis demonstrating the reluctance of New York newspapers to 

cover news associated with, religious, scientific and literary topics. He found that most 

newspaper columns favored topics related to sports and gossip (Speed, 1893; Krippendorff, 
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1980; Whitney et al., 1989). The sociological study using quantitative newspaper content 

analysis was conducted by an African American journalist. Ida B. Wells who analyzed several 

newspaper articles reporting incidents of rape of white women by African American men 

(Babbie, 2011). All the works employing early textual content analysis techniques were related 

to the content of the newspapers’ articles (Loebl, 1903; Street, 1909; Mathews, 1910; 

Krippendorff, 1980). In the early 1900s, the themes of novels and books attracted the 

methodological interest of content analysis experts as well (Albrecht 1954; Markov, 1913; 

Shannon and Weaver, 1949; Osgood, 1959; Krippendorff, 1980).  

During 1920s the rapid development of data collection instruments, especially in the 

disciplines of sociology and psychology, significantly contributed to the adoption of textual 

analysis techniques from most social science disciplines. Krippendorff (1980) extensively 

discussed the early applications of textual content analysis in Communication, Journalism, 

Linguistics, Political Science and Sociology. Specifically, communication content analysis was 

used in academic works linked to public opinion retrieval (Lippmann, 1922; Simpson 1936), 

comparative or controversial narratives of historical incidents (Walworth, 1938), the expressions 

of nationalism in children’s books (Martin, 1936), inaugural presidential speeches (Janis 1965; 

Janis and Fadner, 1943), the discovery of topics of published academic articles in several 

academic journals (Rainoff, 1929; Becker, 1930; Shanas 1945; Tannenbaum and Greenberg, 

1961).  

A more sophisticating technique was developed during the Great War called predictive 

textual analysis. Predictive textual analysis was widely used as a tool of propaganda analysis 

during World War I, World War II and the Korean War. One of the first reported applications of 



13 

 

the technique took place in the United States in 1916. According to Chomsky (2002), in 1916 

Woodrow Wilson’s victorious campaign was affiliated with the slogan “Peace without Victory.” 

The message of this slogan was meticulously adopted by millions of American pacifists who 

consistently stated their opposition to America’s involvement to World War I. Wilson’s 

administration, the Creel Commission and the John Dewey Circle strategically propagated by 

employing media’s content to turn pacifists into pro-war fanatics. Experts on propaganda 

analysis introduced a very sophisticated and innovative technique, known this day as content 

analysis. Content analysis rapidly grew to one of the vanguard tools of research associated with 

the studies on political discourse, the influence of the media and propaganda.  

Primarily, propaganda analysis was based on information of media reports aiming to 

identify the influence public opinion and collective sentiments (Chomsky, 2002). According to 

Krippendorff (1980), analysts of the American Communication Commission (FFC) performed a 

numeric representation of textual data in the process of analyzing patterns of media broadcasts. 

Their purpose was to successfully assess the perceptions of the Nazi elites in regards to their 

situation during the war. Moreover, they accomplished to accurately predict several political and 

military campaigns, and described shifts in relations among the countries of the axis alliance 

(Kracauer, 1947; George 1959; Lasswell and Leites, 1965; Krippendorff, 1980). At the time, 

there was an indication that propaganda analysis illuminated the competence of textual 

quantitative techniques for explanatory studies. 

Without a doubt, textual content analysis was recognized by numerous scholars as a 

distinct methodology sharing identical properties with other popular quantitative methodologies 

of the time. It has been approximately 75 years since textual content analysis entered the 
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traditional module of the scientific design. With the employment of sophisticated sampling 

techniques, well established measurements and cautiously constructed reliability, and validity 

tests, content analysis was a very attractive technique in a variety of academic disciplines 

(Krippendorff, 1980, Stone et al., 1966; Markoff et al., 1974, Weber, 1983; Mohr 1998, Franzosi, 

2008). After all, quantitative textual analysis constituted the most prominent methodological 

technique in formulating empirical hypothesis using solely data derived from large corpus of 

textual data (Lasswell, 1938; Franzosi, 2008). However, its variant applications across different 

academic disciplines have generated long lasting debates regarding its definitional and 

operational structure. In the next section, I discuss the most critical definitional debates, and the 

most common operational applications of content analysis as they presented by the experts of the 

field. 

2.2 Several Definitional Approaches of Textual Content Analysis 

 Textual content analysis was found as a quantitative research technique (Franzosi, 2008; 

Roberts, 2000; Lasswell et al.1952; Berelson 1954). Berelson (1954) described it as “a research 

technique with the objective to systematically describe the manifest content of communication” 

(p.18). The conceptual and operational challenges of the technique have been explicitly 

discussed in the methodological literature by a large group of social researchers. However the 

definitional discrepancies have revealed the conceptual challenges and the operational 

complexities of textual content analysis. Shapiro and Markoff (1997, 1998) stated, “We contend 

that progress in content analysis requires that the issue be joined in debate, rather than dismissed 

by means of a restrictive definition of the field.”(p. 31).  
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Janis (1949) ascribed the first formal definition describing content analysis as a 

methodological technique with which researchers categorize sign vehicles of scientific 

judgments to formulate attributes based on coding. The first definition proposed by Janis 

overlooked the analytic functions of the technique, and emphasized its operations as a data 

collection tool. However, since then, the definition has been extended, and complemented by 

several elements creating a more precise description of the method. For instance, numerous 

characteristics of the technique such as objectivity, systemization, and quantification (Berelson, 

1954; Cartwright, 1953, Franzosi, 2008; Lasswell, Lerner and de Sola Pool, 1952) revealed its 

positive orientation and its suitability to scientific empirical studies. 

Among others, Shapiro and Markoff (1997) investigated the intellectual debate in regards 

to whether content analysis is a quantitative (deterministic), or a qualitative (interpretative) 

systematic technique. They identified several contradictory definitions investigating what content 

analysis is about. They collected a selection of definitions trying to explore whether content 

analysis was used only as a textual analytic technique (Shapiro and Markoff, 1997; Krippendorff, 

1980; Stone, 1966), or it was also applied on the analysis of symbols, images and constructs 

(Shapiro and Markoff, 1997; Berelson, 1954; Cartwright, 1953; Osgood 1959).  

Most experts in the field have agreed that content analysis constitutes a designated 

method for the analysis of texts, symbol, and images, linguistics, semantics, syntax and 

pragmatics (Krippendorff, 1980, Franzosi 2008). Textbook definitions of content analysis 

extensively cover the deterministic and interpretive significance of the technique. Shapiro and 

Markoff (1997) formed a list presenting the definitional dialectics of the technique. The 

definitional peculiarities of content analysis are based on (a) the scientific purpose (descriptive 
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vs. inferential vs. taxonomic), (b) the methodological orientations (quantitative vs. qualitative), 

(c) the extraction of contextual meaning (manifest vs. latent), (d) the unit of analysis (words, 

texts, individuals, etc.), and (e) its measurement quality (validity and reliability,).  

Despite of the early definitional discrepancies associated with the impressionistic and 

systematic procedures of the technique (Franzosi, 2008; Lasswell 1942), content analysis has 

been widely recognized as a formal methodical measurement ideal for replicating and validating 

contextual inferences from textual and symbolic materials. Assigning a universal concrete 

definition to the method is extremely challenging, and such an endeavor goes beyond the scope 

of my dissertation. In this dissertation I embrace Shapiro’s and Markoff’s (1997) generic 

definition, of content analysis describing it as “any methodical measurement applied to text for 

social science purposes” (p.14).  

In summary, content analysis can be expressed as a family of formal methodical 

techniques, which systematically convert textual materials into numeric representations of 

manifest and latent meanings (sentiments, attitudes, topics, etc.) suitable for descriptive and 

inferential studies. Regarding the dialectic over the qualitative and quantitative orientation of the 

technique, I follow Robert’s (2000) explanation describing it as a synthesis of two or more 

methodologies aiming to attribute characteristics of textual data, to validate coding schemes, 

draw inferences from large text populations. As I mentioned in the introductory chapter of this 

dissertation I employ a hybrid method which incorporates qualitative and quantitative techniques 

applicable to sociological studies. In the next section of this chapter, I discuss the divergent and 

convergent practices between two presumably opposing methodological orientations. 
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2.3 Qualitative vs. Quantitative Text Analysis 

From the epistemological viewpoint, there has been a methodological strain between 

qualitative and quantitative approach of text analysis. Quantitative text analysis describes and 

explains social phenomena deducing theories based on the analysis of textual data. On the other 

hand qualitative text analysis prompts analytical induction and theory formulation. Qualitative 

studies are often characterized as hermeneutic, idiographic and descriptive, while the quantitative 

studies are described as deterministic, nomothetic, and inferential (Babbie, 2013).  

As I discussed in the previous section of this chapter, all traditional and contemporary 

textbooks of content analysis have suggested that content analysis is a part of the quantitative 

family of methods (Lasswell 1942; Lasswell et al., 1952; Berelson 1954, Franzosi, 2008; Weber 

1990). Nevertheless, in early 1970s (two decades after its establishment as a positive method), 

content analysis entered to the qualitative methodological domains, and was established in the 

fields of ethnomethodology (Garfinkel, 1954) and grounded theory (Glasser and Strauss, 1967).  

The qualitative methodological practices of text analysis juxtapose the empirical 

orientations of the technique. However, one of the most significant methodological dialectics in 

the late 1960s was about the methodological style of content analysis (qualitative or 

quantitative). At that time Glaser and Strauss (1967) recognized content analysis’ suitability for 

qualitative data, yet most researchers questioned and rejected their assertions (Ruiz and Ruiz, 

2009).  

The methodological paradigm shift occurred in Sociology in the 1960s generated 

groundbreaking applications of text analysis. The rise of symbolic interactionism created a major 

impact on the interpretation of words, symbols and mental images. As a result textual content 
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analysis became the foundation of the expansion of qualitative methodologies such as critical 

analysis, interpretative analysis, ethical analysis and more. Also in the late 1960s, an increasing 

number of social scientists started analyzing social realities from the standpoint of culture. 

Emerging former and adding new theoretical frameworks on how to make sense of the world, 

cultural explanations of the society penetrated the traditional sociological theoretical schemas 

(Crane, 1994). Reputable cultural theorists such as Michelle Lamont (1992), Pierre Bourdieu 

(1993), and Jeffrey Alexander (2003) illuminated the importance of cultural interpretations on 

making sense of social reality. Since the mid-1990s the qualitative approach of content analysis 

has been consolidated as a suitable methodology for the exploration and description of socio-

cultural phenomena. The shortfall on the applicability of qualitative methodologies in theory 

driven studies was recognized by McCroskey (1993). However he recognized the strength and 

depth of qualitative text analysis techniques on the cultural interpretations of social phenomena. 

Many qualitative researchers in the 1990s predicted that there would be another methodological 

shift of emerging hybrid methodologies. Since then, sociologists have started recognizing the 

potential value of blended techniques especially in the field of the sociology of culture. 

Qualitative methodological practices apply to ethnomethodology, grounded theory, 

phenomenology, critical social research, historical research, ethical research and foundational 

research. According to Neuendorf (2002), the choice of a qualitative method is generic and 

strongly depends on the researchers’ scientific objectives. There are seven broad categories of 

qualitative content analysis, classified as following: (a) rhetorical narrative analysis, which 

emphasizes the way a textual or symbolic message is presented, (b) narrative analysis which 

describes characteristics of the main actors presented in the text, (c) discourse analysis, which 
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focuses on the manifest meaning of the words, and the themes created by the segments of the 

words (terms) appearing in texts, (d) semiotic analysis, which focuses on meaning of textual and 

symbolic material, (e) interpretive analysis, which involves theory formulation via observation, 

conceptualization and coding of texts, (f) conversational analysis which is part of 

ethnomethodology analyzing conversation content from a naturalistic perspective, (g) critical 

analysis which examines how the characters within a given context are presented. (Neuendorf, 

2002).  

Quantitative text analysis has been extensively used by many social scientists purporting  

the reduction of the content,  and at the identification of all attributes of the latent variables in 

large textual datasets (Mehl, 2006; Shapiro and Markoff, 1997). Quantitative text analysis is 

conceptually classified in four broad categories based on their aim, approach, capacity and style 

(Mehl, 2006).With regards to the objectives of the technique, many researchers claimed that text 

analysis can be either representational or instrumental. Representational text analysis occurs 

when researchers aim to analyze the authors’ viewpoints, while instrumental textual analysis is 

used when the researchers apply theories to explain the content of the text itself. On that matter 

Roberts (2000) stated, “At issue in this distinction is no longer whether or not the source’s 

intended meaning is part of a tacit strategy, but whether it is the source’s or the researcher’s 

perspective that is used to interpret the texts under analysis” (p.263). Therefore, if a researcher’s 

objective is to classify and interpret the textual content itself based on a theoretical framework, 

then an instrumental text analysis technique must be employed. And in case a researcher’s 

objective is to make judgements and subjective interpretations analyzing the content as a 
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symbolic product of a source (i.e. the author of a book), then employing a representational 

analysis technique is more appropriate. 

In terms of its approach, text analysis can be classified as thematic versus semantic 

(Popping, 2000; Roberts, 1997; Mehl, 2006). With thematic text analysis, the researcher aims to 

identify and categorize the group of words under a theme or topic, while the semantic analysis 

aims to exemplify the relationships, and interpret the contextual meaning of themes within texts 

(Mehl, 2006).  

In terms of its scope, text analysis can be either broad or specific (Pennebaker et al. 

2003). Broad text analysis applies in explanatory, theory driven studies, while specific text 

analysis serves an exploratory purpose. Finally, the fourth distinction it has to do with the focus 

of the study. If the focus is descriptive and responds to “what a person is saying,” then falls 

under the category of content textual analysis, but if its aims to respond on “how a person is 

expressing it” then the focus is on style or the semantics (Mehl, 2006). Sociologists often use text 

analysis methods to extract and make sense of textual information, while psychologists focus 

more the style investigating the underlying messages between the lines of a text. 

The tension between quantitative and qualitative text analysis in Sociology seems to have 

slowed down during last 20 years because of the extensive use of mix methods analyzing the 

content of textual data in different domains (Ruiz, 2009). Figure 2 presents the vanguard 

qualitative, quantitative and hybrid text analysis techniques. In my dissertation part of the 

propose hybrid method consists of a modern instrumental text analysis techniques (i.e. topic 

extraction) underlining the latent meaning of texts (factor analysis), and articulating the meaning 
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of the textual contents. In the next section I discuss the role of technology on the expansion of 

textual content analysis.  

 

Figure 2. Venn diagram; Qualitative vs. Quantitative Text Analysis 

2.4 Computational Text Analysis 

As I presented in a previous section of this chapter conveyed textual content analysis is 

systematically defined as a seminal systematic quantitative technique aim to analyze textual 

communication content. The rapid technological advancements and the significant developments 

of statistical software packages have facilitated use of text analysis in academia, industry and 

government. In the following paragraphs, I briefly present the effectiveness of computer aided 

text analysis emphasizing computer programs and software performing text mining and text 

analysis.  
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Computational text analysis is based on the execution of series of algorithms, which 

automatically mine, collect and analyze textual data (Krippendorff 1980; Holsti, 1969). 

Krippendorff (1980) argued that the origins of computer-based textual analysis had been found 

in the late 1950s. Sebeok and Zeps (1958) performed a computer-based information retrieval and 

text analysis of 4000 Cheremis’ folktales. Two years later Hays (1960) with his paper, Automatic 

Content Analysis, proposed a semi-automatic computational module with which, he analyzed 

political documents relying on the raw frequency distributions (counts) of words drawn from 

populations or samples of texts. By the late 1960s, a group of researchers in Linguistics, 

Psychology, Social Sciences and the Humanities, known as “computational stylists,” worked on 

developing computer programs to process and analyze texts from historical archives and other 

domains.  

Computer aided textual analysis appears advantageous in comparison to manual text 

analysis. Firstly because it is more convenient; computer programs have the ability to analyze 

large collections of textual data fast, easily and at a lower cost (Franzosi, 2008; Laver and Garry, 

2003; Garry, 2001). Second, they develop explicit conceptual coding schemes avoiding 

ambiguities and bias (Weber 1990; Krippendorff, 1980). Third, dictionaries constructions are 

based on empirical, rather than interpretive measures, contributing to higher validity of the 

measures. Fourth, computer aided textual analysis is based on large textual data collections 

increasing the reliability of the textual data used.  

The General Inquirer is one of the oldest, if not the oldest, computer programs of 

computational textual analysis (Stone, 1966; Franzosi, 2008; Popping, 2000). The General 

Inquirer was designed to perform instrumental thematic textual analysis. It also implements 
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automated data mining, and a semi-automated conversion from literal to numeric data. Then it 

constructs a coding scheme and dictionaries or thesauri (Roberts, 2000; Popping, 1997). The 

following step involves a series of computations of concurrence of words in texts, word 

classification, and clustering and word counts (Popping, 2000).  

The basic execution of a computer aided text analysis involves text coding, frequency 

distributions of words or constructs, concordances of key words in context, content categories, 

development of dictionaries, single and multiple word classification of text, unique words or 

categories counts, selected content retrieval, factor analysis, trend analysis and more. The rapid 

technological growth in machine learning, natural language processing, text mining and 

information retrieval has introduced new software specialized in textual content analysis. 

Nowadays, there is a wide range of user friendly computer software suitable for content 

analysis available in the market. Highly sophisticated text analysis software packages are 

available in the market (i.e. SAS Enterprise Miner, IBM SPSS Modeler, Leximancer, Diction, 

NVivo, and more). Some of the tasks executed by mainstream text analytics software are 

designed to mine textual data from digital archives, develop, or use dictionaries, conduct 

conceptual and relational analysis, create word-maps, perform factor analysis, and conduct 

advanced techniques of statistical analysis  

In my dissertation I use various statistical packages to collect and analyze textual data. I 

used Helium Scraper to collect data from the electronic databases, I organize the data in excel 

where I execute a few macros for data cleaning. Then I perform LSA procedures using Java and 

Minitab. Also I performed the SA (case study I) in R. Finally I used Excel to compute of PI 
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values, and the graphical representation of the trend analysis. For my second case study I 

performed all LSA procedures in SAS Enterprise Miner.  
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CHAPTER 3 

TEXT ANALYTICS 

3.1 Background 

Text analytics constitute a family of modern text content analytical techniques. Social 

researchers recognized the potential of text analytics for the interpretation of cognitive schemas, 

texts and symbols in the process of developing theoretical frameworks on institutional meanings 

(Mohr, 1998). The expansion of text analytics facilitates textual information retrieval, and 

analysis of web archival data. Nowadays the advanced text analystics software performing the 

procedute of data mining and analysis very quickly fast pace and with minimum financial cost. 

However most sociologists still appear reluctant to adopt such techniwue techniques to the 

methodological families widely used in the field. In this chapter I describe the importance of text 

analytics, emphasizing on the technical details of LSA and SA. 

Text analytics is a family of mixed methodological strategies analyzing large amount of 

text on the Internet that can reveal cultural implications (Evangelopoulos 2013; Yoshida et. al., 

2010). Text analytics consists of a multidisciplinary operational mix including Statistics, 

Machine Learning, Management Science, Artificial Intelligence, Computer Science, Psychology, 

and recently Sociology. The techniques I employ in this dissertation focus on a topic extraction 

tools that can be applied for the sociological interpreprations of data collected by internet data 

repositoties.  

The terms text analytics and data mining are used interchangeably, however there are two 

different, yet complementary set of operations. The basis of text analytics involves integrated 
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execution of algorithmic functions purporting to mine and analyze textual data. from large 

collections of documents. Miner et. al. (2012) classified the family of Text Analytics integrated 

its technical utilities. 

According to Miner et al. (2012), text mining is located at the centre of text analytics 

operations. It involves information retrieval (e.g.document matching, search optimization), 

information extraction (e.g. entity extraction, conreferrence of words, relationship extraction), 

concept extraction (colocation , word assocation and sentiment analysis), natural language 

processing, webmining(webcontent mining, webanalytics amd webstructure analysis), web 

classification(e.g. websites, blogs, social media,etc.), document classification (document ranking 

and categorization), and clustering (document similarity).  

Depending on the researcher’s objectives a combination of these operations provide an 

efficient, automated way to process and analyze textual data. In broad terms, the operational 

workflow of text analytics aims to: (1) collect data from the web, (2) extract relevant terms from 

textual data, (3) create dictionaries, (4) cluster sets of documents and terms within documents, 

(5) extract topics/themes, (6) perform statistical analysis techniques (e.g. factor analysis), and (7) 

map the meaning in multi-dimensional space.In the following sections I focus on the technical 

procedures performed by topic extraction and topic mapping techniques.  

3.2 Topic Extraction 

Despite of the great promise of traditional textual techniques in sociological studies, 

major issues have been addressed over time in regards to the problems of reliability, validity and 

selective bias. All limitations were deriving from the subjective coding schemes (Krippendorff, 
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1980, Franzosi, 2004). Human intervention in the development of coding schemes coincides with 

the subjective interpretation of the meaning of the words depicting ontological deficiencies. 

 Several social scientists conducted computer-aided text analysis based on word counts, 

concurrence of words and colocation of sets of words within texts. These mainstream approaches 

have contributed to the early stage of quantification of textual data, yet, they failed to provide a 

validated interpretive substance to text structures. Old fashioned techniques based on content 

summarization, and word counts make no effort to identify associations between words or 

morphemes. Such techniques lack the ability to describe semantic structures, thematic entities or 

networks of words constituting large volumes of textual data (Roberts, 1997). Several social 

researchers addressed the importance of thematic, semantic and network analysis to the 

identification of topic structures in texts.  

Thematic text analysis identifies the manifest meaning of words, while semantic analysis 

focuses on the latent meanings of the text (Franzosi, 2010; Ignatow, 2004; Roberts, 1997; 

Gottschalk and Gleser, 1969). Network text analysis identifies themes based on the connections 

between textual objects, and the association of words producing thematic clusters (Carley, 1997; 

Wenger, 2008; Moody, 2014). Topic extraction and topic modeling integrate the process of 

thematic and semantic textual analysis into one. Yoshiba, Nakagawa and Terada (2010) present 

the text analytics’ operations in three simple steps: (1) find the co-occurrence of words appearing 

the text, (2) organize them in tables, and (3) create visual maps. They argued that text analytics’ 

can be very useful for the exploration of the cultural implications of the Web (Yoshida and 

Nakagawa, 2010).  



28 

 

As I discussed in chapter 2 of this dissertation, most studies performing content analysis 

rely on the priori coding schemes. Topic models are more advanced on that respect because they 

generate unique dictionaries, and coding categories based on unstructured textual datasets. This 

operation increases the accuracy and the substantive interpretability of the text. (DiMaggio et al., 

2013). There are four text analytic techniques widely used in several disciplines; LSA, 

probabilistic latent semantic analysis (pLSA), latent Dirichlet allocation (LDA), and non-

negative matrix factorization (NGMF).Due to the scope of my dissertation, I extensively discuss 

the theoretical and technical aspect of LSA, and I give a general overview of pLSA, LDA and 

NGMF.  

3.3 Latent Semantic Analysis 

Twenty five years ago, Deerwester, Furnas, Dumais and Harshman (1990) developed 

automatic data retrieval, and organization technique known as Latent Semantic Indexing (LSI) 

later on renamed as LSA. This method has been extensively used in Psychology, Information 

Retrieval, and Library Science.  

LSA was found as a distinct information retrieval technique aiming to improve the 

organization and indexing of libraries’ archives (Deerwester, et al, 1990; Dumais, 2004; 

Manning et al, 2008; Evangelopoulos et al., 2012). LSA is a fully automatic mathematical 

technique presenting the topical structure in large collections of documents. LSA is designed to 

create maps of documents and terms in the latent semantic space (Hoffmann, 2001). It is neither 

a traditional natural language processing nor an artificial intelligence program. It uses no 

humanly constructed dictionaries, knowledge bases, semantic networks, grammars, syntactic 
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parsers, or morphologies, and takes as its input only raw text parsed into words defined as unique 

character strings and separated into meaningful passages or samples such as sentences or 

paragraphs. LSA describes the textual content aiming to underline the latent contextual 

dimensions. It has been defined as a least-squares topic extraction technique (Evangelopoulos, 

2012) organizing and describing large unstructured textual data using statistical estimation 

(Pilato and Vassallo, 2014). The operations of LSA are based on term (word)-term (word) 

simulation and document-term lexical priming data (Tonta and Darvish, 2010). The objective of 

the LSA is to reveal semantic structures of corpus (large collection of documents) by classifying 

textual data in a document- word space, and to describe the topic structures of a cohesive 

collection of corpus of documents.. 

 

Figure 3. Summary of Latent Semantic Analysis procedures 

The process involves reduction of the unstructured textual content into meaningful 

number of underlying dimensions (factors) aiming to identify and classify documents into 

thematic entities (topics) (Deerwester, et al, 1990; Dumais, 2004; Landauer, 2007 Manning et al, 

2008). Recent research on the method suggests that LSA has two unique approaches: clustering 

and conceptual factoring. Ord, Martins, Thakur, Mane and Börner (2005) utilized the clustering 
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approach while others significantly improved the interpretability of the technique by 

incorporating varimax rotations (see Sidirova et al, 2008; Evangelopoulos et. al. 2010)  

 

In my dissertation I perform LSA aiming to detect the conceptual meanings of groups of 

words underlying the latent dimensions (factors) in textual contents. Figure 3 above summarizes 

the operations of LSA procedures in 6 steps, and in table 1 below I present the purpose of every 

operation involved in LSA. The generalized model for text content can be expressed as,  

X=ΛF+ε   (1) 

Table 1 

Summary of the LSA Procedure 

Procedures Purpose 

Vector Space Modeling (VSM) Performs term weighting and normalization, stemming words and dictionary 

construction. It produces a term by document matrix of weighted term 

frequencies to represent  documents in the terms’ space 

 

Singular Value Decomposition 

(SVD) 

 

Represents terms and documents in a space of principal factors  

Truncated Singular Value 

Decomposition (TSVD)  

Modifies term frequency by including only terms of great importance 

 

Dimensionality Detection Identifies the appropriate number of factors(topics). 

 

Varimax Factor Rotation Improves the degree of interpretability of the term and document loadings. 

 

Factor Labeling  It involves subjective human interpretations and labeling of highly loaded 

terms given the context presented in the textual contents. 

 

where X is the corpus of documents, ΛF is the linear combination of topics in large volumes of 

text data,  and ε is the error term (noise). LSA begins with a model designated to deliver 

normalized weighted terms known as Vector Space Modeling (VSM). VSM is an information 

retrieval technique that presents terms and documents as vectors (Salton et al., 1975). That is, it 

expresses terms in documents’ space producing dictionaries or thesauri. It is defined as a ranking 
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model that classifying individual documents against a query (Salton and Lesk, 1968; Salton and 

Buckley, 1988; Frakes, 1992). The terms (words) and documents form a matrix X where n-terms 

and n-documents appear in the rows and columns respectively (see figure 4). Finally VSM 

classifies the raw frequency distribution of terms’ as they appear in large volumes of documents 

in multiple scales. 

An important function of VSM is that it weighs the frequency of terms (words) 

representing the documents in the terms’ space. The weighting method is accomplished by a 

series of iterations involving the calculation of term frequencies (tf) and inverse document 

frequencies (idf). Inverse document frequency transformation (tf-idf transformation) is suitable 

for the pre-processing of unstructured textual contents with complex latent structures (Husbands 

et al, 2001; Evangelopoulos et al., 2012). Briefly, tf-idf reduces the importance of terms 

appearing across large scales of textual data, and assign higher scores to terms concurring in 

smaller clusters of documents (Salton et. 1975; Salton and Buckley, 1988). VSM can be 

described as a classification and weighting method. Yet it does not involve any data 

normalization procedure. Normalization of documents is very important because every document 

must have equal significance within the textual dataset. In a given matrix Xtxm, the normalized 

value of weighted term value across documents is given by:  

   (2) 

where, wid is the weighted term value for each term-document combination (Salton, Buckley, 

1988).  
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Finally VSM involves term filtering, stemming, lemmatization and term weighting 

(Evangelopoulos et al, 2013), and it allows researchers to focus on retrieving and weighting all 

terms in large volumes of texts. However it lacks analytical competencies. VSM operations 

constitute a preliminary step of the execution of LSA procedures.  

 

 

 

 

 

 

 

 

Figure 4. Schematic presentation of the Vector Space Modeling (VSM) 

After weighting the terms, the core operations of LSA are performed. The core LSA 

procedure involves the execution of the singular value decomposition (SVD) and dimensionality 

reduction. The SVD and dimensionality reduction processes present textual content in a reduced 

number of dimensions (factors) (Deerwester et al., 1990). Mathematically, SVD decomposes the 

term by document matrix Xt,d into the product of three matrices; Ut,k, Σk,k, and Vk,d. The Ut,k 

matrix is a term-by-factor matrix containing the eigenvectors of a XXT matrix, which is a term by 

term covariance matrix revealing the latent semantic dimensions of terms. The term loadings 

(LT1) represent the dimensions (factors) revealing the latent meanings (topics). Vk,d is a factor-

by-document matrix showing the eigenvectors of XTX which is a document by document 
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covariance matrix showing the loading of each document for each factor (see figure 5 below). 

Simply, the document loadings (LD1) indicate the degree of document relevance to identified 

topics. Finally the Σk,k matrix is a diagonal matrix of singular values ranked in a decreasing 

order. In mathematical notations SVD is expressed as,  

Xt,d=Ut,k × Σk,k× V
T
k,d    (3) 

Where, U are the terms eigenvectors, V are the document eigenvectors, Σ is the diagonal matrix 

of singular values containing the square roots of eigenvalues, and superscript T denotes 

transposition.  

 

Figure 5. Schematic presentation of the SVD procedure 

 

At this point, LSA employs a unique form of SVD, the so called truncated singular value 

decomposition, (TSVD) which modifies term frequencies including only terms of great 

importance. TSVD aims to present terms and documents in the lowest possible dimensional 

space. This process is very similar to Principal Component Analysis (PCA). PCA involves 

orthogonal transformation of the correlated factors converting them into a set of principal 

components (uncorrelated factors). TSVD model follows the rationale of dimensionality 

reduction of the Xtxd matrix recognizing that in a large corpus of textual data, topics are 
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structured in low-dimensionality space (Cliff, 1988). The threshold of the eigenvalues is 

typically set to 1 or higher (Guttman, 1954). The TSVD effectively deals with the problem of 

synonymy and polysemy of words and significantly affects inquiry performance. In 

mathematical notations TSVD can be expressed as, 

Ẋt, d = Ut, k ∗ Σk, k ∗ VTk, d  (4) 

where Xt,d is the t term by document matrix, Ut,k is the truncated version of terms by factors, 

𝑉𝑇k,d is the truncated matrix of factors by documents, and Σk,k is the truncated factor by factor 

matrix solution, k reveals the ranks of singular values (see figure 6).  

 

 

 

 

 

Figure 6. Truncated Singular Value Decomposition operations in LSA 

 

Finally, using the property of orthonormality, UTU=I and VTV=I, where I is a k×k 

identity matrix I get the term loadings (LT) and document loadings (LD)  

 

 

LT is a term by factor matrix representing the association between terms and latent topics, and 

LD is a document by term matrix showing the relationship between documents with latent topics.  

 (5) 

 (6) 
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The analysis of textual data involves multiple alternative dimensionalities because 

humans understand oral or written speech in different layers of abstraction. The issue in regards 

to the selection of the best solution on the number of latent semantic dimensions still remains 

unsolved. Some scholars recommended several distinct solutions to this issue. For instance, 

Deerwester et al. (1990) suggested that 70 to 100 dimensions offer an ideal solution when 5000 

terms are extracted from 1000 documents. In most LSA studies, the decisions with regards to the 

number of dimensions -representing the entire textual content- appear to be at random, 

inconsistent and much dispersed ( Bradford, 2008; Evangelopoulos et al. 2012). Any number 

between 6 to 1000 dimensions could be operational. Many studies have been conducted to 

respond to the problem dimensionality detection (Doxas et al. 2010). Zhu and Ghodsi (2006) 

proposed a mathematically supported solution. They approached multiple dimensionality 

detection problems as a change-point problem. Following Gombay and Horváth (1997) who 

significantly contributed to the change point literature by finding that the null asymptotic 

distribution is of a double-exponential-extreme-value type, Zhu and Ghodsi (2006) developed a 

dimensionality detection design using the Profile Likelihood Function (PLF). PLF detects the 

point where eigenvalues significantly differ signifying a cluster of terms dividing the corpus into 

groups of distinct dimensions. Their method consists of explicitly constructing a model for 

dimensions dj (j =1, 2... n) estimating the position of the “gap” or the “elbow” in a scree plot (see 

figure 7). The model follows the assumption of ordered sequential eigenvalues λ1 ≥ λ2 ≥ … ≥ 

λn, follows the normal distribution, 

        (7) 

 
 2,; iiF 



36 

 

 

Figure 7. Scree Plot of k-topics at a change-point. 

and tests the following hypothesis,  

H0:  

H1: there is an unknown 𝑘∗ 1≤ 𝑘∗ ≤ n-1 such as  

 

 

Rejection of the null hypothesis H0 indicates the optimal candidate multiple dimensions. 

 Once the optimal number of dimensions is detected, and the textual data are condensed 

(through TSVD), a post- LSA quantitative analysis step is conducted to improve the 

interpretability of the initial results with the use of varimax rotations (Sidirova et al. 2008; 

Evangelopoulos et al. 2012). The process of varimax rotations, improves the explanatory ability 

of the terms’ and documents’ loadings (Sidirova et al. 2008). Even though, there are many 

techniques of factor rotations that can be performed, Sidirova, Evangelopoulos, Valacich and 

Ramakrishnan (2008) illustrated that varimax rotations deliver very satisfactory results. Figure 8 
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schematically present the term and document rotated factor loadings operations and their 

outcomes.  

 

 

 Figure 8.Term and Document Loadings in the articulated factor space 

Finally the last step is to label the factors which underline dimensions of topic structures 

in a corpus of documents. Based on the high factor loadings, identification and labeling of 

dimensions is a possible. Factor labeling involves a process based on the interpretive 

understanding of human subjects (e.g. researchers, panel of experts, etc.) labeling to each of the 

topics (factors) extracted. There are several ways to scientifically support the labeling of the 

factors. The labels of the topics extracted in both case studies were based on the Thurstone scale 

results (Thurstone, 1927; Babbie, 2013; p. 176). I utilized Thurstone scales construction 

involving the following steps. (1)I assigned initial preliminary labels for each topic, (2) I 

requested from a group of experts to determine the level of their agreement (i.e. strongly agree, 

agree, somewhat agree, disagree, somewhat disagree) to the assigned labels , (3) I collected the 

scores. If the overall scale score on a topic label appears to be low, then the terms are considered 
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ambiguous, which indicates that topic labeling process must repeated. In case the aggregate 

rating appears to be high then the topic label are retained.  

 Landauer and Dumais (1997) illuminated the strength of LSA model as a descriptive tool 

that classifies and thematically attributes the textual data with minimal human intervention. It has 

the property to organize words in such manner that underlying latent dimensions of scripts. LSA 

technique has been employed in a wide range of research studies such as psychology (Mehl, 

2006), theory of learning and meaning (Landauer, 2007), operations management (Winson- 

Geiden and Evangelopoulos, 2013; Sidirova et al. 2008) and more. My dissertation is one of the 

very few studies employing LSA in Sociology. 

3.4 Other Topic Extraction Techniques 

 As I discussed in the previous section, LSA constitutes a least squares-based 

methodology, classified as a descriptive rather than a probabilistic text analysis technique. 

Another model build on the foundations of LSA is pLSA (Hoffmann, 2001). PLSA employs the 

maximum likelihood principle to minimize the perplexity of the words solving the problem of 

synonymy and polysemy of words. It also employs statistical techniques identifying the best 

fitting model for the distribution of terms across large volumes of documents. PLSA was the first 

probabilistic text analysis technique, and the ancestor of LDA. LDA (Blei and Jordan, 2003; Teh 

et al., 2006; Steyvers and Griffiths, 2007) is a probabilistic topic modeling technique based on 

estimated topic parameters through Markov chain Monte-Carlo simulations (Evangelopoulos, 

2013). In LDA the distribution of documents D is not dependent on the distribution of words W. 
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They both follow Poisson distribution forming a random number of topics each time LDA is 

performed (Blei and Jordan, 2003).  

Finally, a third widely used text analytics technique known as Negative Matrix 

Factorization (Lee and Seung, 1999; Shahnaz et al., 2006; Berry et al., 2007) employs factor 

analysis representing the terms as well as the documents in the latent space. NMF follows the 

assumption that in order to conduct factor analysis the results must be centered. This property 

dismisses the different scales of textual information increasing the term selection bias (Paatero 

and Patter, 1994). For more information with regards to the operations and limitations of the 

NMF revisit Lee and Seung’s (1999) work, Learning the parts of objects by non-negative matrix 

factorization.  

PLSA, LDA and NMF are not employed in my dissertation’s case studies. I briefly 

referred to them because they belong to the methodological family as LSA. In my dissertation, I 

employed LSA in both studies because it produces consistent results due to its descriptive nature. 

In the following section, I focus on the operations of the SA
3
 which I employ in my first case 

study.  

3.5 Sentiment Analysis 

Textual contents may be seen as organized thematic domains representing facts, 

sentiments or a combination of both. They may represent mental images, as well as opinions or 

judgments over factual or emotional realization (Liu, 2010). Besides the topic extraction and 

                                                 

3
SA and opinion mining are used interchangeably; see Pang, B., & Lee, L. (2008). 
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topic modeling techniques, I described in the previous section, another text analytic technique is 

based on opinion mining and content subjectivity analysis.  

Recognizing the importance of the distinction between the symbolic expressions of the 

objective vs. subjective textual expressions, Liu (2010) proposed an analytic instrument that 

classifies textual data based on scales of subjective expressions. The so-called sentiment analysis 

(SA) or opinion mining is an instrumental textual analytic technique aiming to assess the 

manifest opinions expressed in verbal and non-verbal textual contents. Unlike topic modeling 

techniques, which analyze the latent space of textual information organizing the corpus in 

thematic clusters, SA focuses on opinion retrieval and sentiment extraction. SA has been defined 

as an automated computational technique of opinion discovery that measures polarization of 

opinions in the Web, and other textual contents. It is suitable for analysis of opinionated textual 

frames (Liu, 2010; Pang and Lee, 2008). 

SA can be performed in different levels of analysis given the unit of granulation used to 

extract information. There are four levels on which scientists perform opinion mining; (1) 

document level sentiment classification (Pang et al. 2002; Turney, 2002), (2) sentence (feature)-

based SA (Wiebe et al., 1999), and (3) entity and aspect level (Hu and Liu, 2004). Document 

level sentiment classification categorizes a set of opinionated documents based on the 

identification of positive and negative words. Its goal is to determine the general sentiment 

represented in textual contents. The procedure involves classification of subjective and objective 

sentences, and generation scales of positive, negative or neutral
 
opinions (Liu, 2010). Sentence or 

feature based sentiment analysis is a model extracting the sentiments over targeted words or 

clauses within a sentence (Liu, 2010). Finally, entity and aspect level sentiment analysis focuses 
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on counts of words and clauses revealing positive, negative or neutral opinions. With regards to 

the entity and aspect level sentiment analysis Liu (2012) stated, “the idea is that opinions consists 

of a sentiment and a target” (Liu, 2012, p. 4). In my first case study I perform entity/aspect level 

sentiment analysis to mine individuals’ sentiments on the topics discussed at the partisan news 

sites. An extensive presentation of aspect level sentiment analysis is presented in the next 

subsection. 

3.5.1 Entity and Aspect Level Sentiment Analysis 

Entity and aspect level sentiment analysis classifies sentiments of predefined topics. 

EASA was firstly known as feature-based opinion mining and summarization (Hu and Liu, 

2004). Its procedures are based on the idea that every textual entity expresses a positive or a 

negative sentiment revealing multiple scales of feelings about a predetermined central topic (Liu, 

2012). For example, in the Huffington Post (HP) dataset used in my first case study a commenter 

stated, I love politics; EASA identifies the word “love” and assigns a positive sign to the overall 

opinion with respect to the topic “politics.” However in reality comments reveal more than one 

sentiment at a time.  

It is evident that EASA deals with a great deal of technical challenges due to a variety of 

opinions and topics that can be expressed in a sentence.  

To overcome these challenges, Ding et al. (2008) developed the lexicon-based aspect 

sentiment classification (Liu, 2012).SA generally uses supervised learning or standard lexicons 

of positive and negative sentiment terms.  
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3.5.2 Lexicon-Based Approach on Aspect Sentiment Classification 

Lexicon-based aspect sentiment classification is based on a dictionary containing a list of 

words, idioms, metaphors, and clauses expressing positive or negative sentiments (Liu, 2012; 

Ding et al. 2008). Also it includes a unique procedure identifying sentiment shifters affecting the 

expression of sentiments within a sentence. Ding’s lexicon-based approach on SA consists of 

four operational steps; (1) mark sentiment words and phrases, (2) apply sentiment shifters, (3) 

Handle but-clauses and (4) Aggregate opinions.  

The first step, marking sentiment words and phrases, simply assigns scores to words or 

clauses within a sentence, for each positive word a +1 scores is assigned, while for each word of 

negative sentiment a score of -1 is assigned. For instance words like love, like, favor, good and 

fabulous, etc. are words revealing positive opinions on a topic. Words such as hate, horrible, 

dislike, awful, etc. reveal negative sentiments.  

The second procedure applies sentiment shifter or valence shifters (Liu 2012; Polanyi and 

Zaenen, 2004) dealing with words or expressions the direction of sentiments within the same 

sentence. Words such not, but, never, neither etc. are considered sentiment shifters.  

The third step deals with the but-clauses that appear to boost or contrast the sentiment 

expressed in a sentence If there is the conjunction but between two sentiment-words the 

algorithm divides the sentence into two parts (part one before and part two after the conjunction). 

If the second part does not include a sentiment word, then the sentiments of the two parts of the 

sentence are opposite.  
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Figure 9. Sentiment Analysis in seven steps  

Finally, the fourth step deals the accumulating the aggregate opinions found in a 

sentence. There are several opinion aggregate techniques (Kim and Hovy, 2004; Hu and Liu, 

2004). The simplest way to find the total sentiment score of a sentence is to add up all the scores 

of the opinion words appearing in the sentence (Hu and Liu; 2004). A more sophisticated 

technique calculates the sentiments for each aspect of the textual content. In mathematical 

notations Liu’s (2012) model is expressed as: 

Sentiment score(Ai, S) = 𝛴
𝑆𝑊𝑗 𝑆𝑜

𝑑𝑖𝑠𝑡(𝑆𝑊𝑗,𝐴𝑖)
  (8) 
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where S is the sentence, A is the aspect SWj is the word expressing a sentiment, dist (SWj, Ai) is 

the distance between the sentiment word and aspects in a sentence and SWj.So is the sentiment 

score of SWi. The advantage of this technique is that it weighs the sentiment words based on 

their distance from the aspects in a sentence. Figure 9 presents SA procedures in seven steps. 

3.6 Topic Mapping 

Proposed by Hirschfield (1935) and further developed by Benzecri (1992), CA is a 

bivariate and a multivariate statistical technique designed to perceptually map and reveal 

relationships across categorical variables. CA constitutes an ideal technique to conceptually map 

textual data and display the disparities of proximities among different clusters, groups in 

geometrical spaces. Its procedures are similar to the ones of principal component analysis. The 

main function of CA is to graphically display categorical data in low-dimensional space 

(Whitlark and Smith 2001). CA produces inconsistent estimators in the case of non-normal 

distributions, but at same time computes reasonable approximations of small sample data (Lynn 

and McCulloch 2000). 

Another important function of CA is that it reflects the importance of each dimension. 

Dimensionality detection in CA is identical to the one in principal components analysis. The 

eigenvalues are defined as inertia. Inertia is used to detect all dimensions of a CA model. Inertia 

is calculated by the eigenvalue of the any axis divided by the trace, which is equivalent to the χ² 

statistic (Desbois, 2008). In mathematical notations χ² statistic can be expressed as 

𝜒²

𝛮
= 𝑛 ∑ ∑

(𝑝𝑖𝑗−𝜇𝑖𝑗)²

𝜇𝑖𝑗

𝑘
𝑗=1

𝑛
𝑖=1  (9) 
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where, pij denotes the correspondence matrix (pij=zij/z), μij is the centroid (average) value, zij 

indicate the observed response of subject i (i = 1... n) to item j (j = 1, ..., k). 

Also the significance of dependencies is determined by the χ² statistic, which indicates 

whether there is a significant difference in frequencies across the attributes of the variables in a 

contingency table. Inertia is defined as the proportion of the total variance explained by each 

dimension. In CA inertia decomposes the aggregate Pearson Chi Square (χ²) attributing data in 

lower dimensions by using only the first two principal components that explain the highest 

percentage of the total variability. In mathematical notations, 

 φ= 
𝜒2

𝛮
 (10) 

Where φ denotes the inertia, χ² (χ²) value and N the grand total (sum of all row and column 

frequencies in the contingency table).  

Inertia detects all possible dimensions, which is calculated by the eigenvalue of the any 

axis divided by the trace, which is equivalent to the χ² statistic (Desbois, 2008). Simply inertia 

can be viewed as the total variance (or squared distances) of row values from the weighted 

averages (centroid) of the data organized in a contingency table. Usually, simple correspondence 

analysis relies on the inertia, rather than the chis-square (χ²) because it standardizes the distances 

of all attributes by using weighted principle components. I employ CA in both case studies of my 

dissertation in order to visually present the textual content, and to identify the relationships of the 

categorical variables used in my model. The next two chapters of this dissertation focus on the 

two case studies illustrating the applicability, and contribution of the hybrid methods in 

Sociology.  
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CHAPTER 4 

CASE STUDY I: AN ILLUSTRATION OF TOPIC EXTRACTION AND OPINION MINING 

TECHNIQUES: THE EFFECT OF MEDIA PUNDITS ON OPINION 

POLARIZATION ACROSS PARTIZAN NEWS SITES 

4.1 Introduction 

The new digital era produced new media based on web news outlets. The properties of 

the internet news sites have been integrated by the traditional modes of mass communication 

(Television, Radio, etc.), and to a certain extent, it has facilitated a direct interaction between the 

producers and the consumers of news. The increasing pattern of memberships in social media 

and news sites’ stimulates cyber space interactions forming online communities. The 

arrangement of delivering news has been complemented by the electronic sites newsfeed and 

blogging space enabling the readers to instantly participate and express their opinions on current 

events. The new era of mass media brings together news’ producers and news’ consumers in 

interactive cyber communities where profilers can instantly state their opinion and thought on an 

incident included in the news.  

Chomsky (2002) is one of the major sociologists studying media communications and 

strategies of propaganda. In his famous works, Media Control: The Spectacular Achievements of 

Propaganda, he explicitly argued that mass media use strategies to influence public opinion. The 

dawn of the digital era has drawn much attention by sociologists. In the field of social 

movements, Weeber and Rodeheaver (2005) recognized the potential contribution of web data 

testing the theory of collective behavior utilizing web data. They analyzed web textual data and 
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militia messages posted on UseNet and tested Smelser’s theory of collective behavior (see 

Smelser, 1963). Their findings confirmed Smelser’s assertions that individuals’ experiencing 

high levels of tension and anxiety are more likely to be members of radical social movements. In 

this case study I utilize web data, however my study focuses on the extraction of topics discussed 

in partisan news sites detecting the influence of political pundits on the polarization of public 

opinion. 

The theme of topic selection and filtering across mass media organizations is not new in 

the sociological research. There is a long research tradition describing the process based on 

which mass media organizations choose what news to deliver (Lewin, 1947; Sigal, 1973; Gans, 

1979; Shoemaker and Vos 2009). However, not much research has been conducted exploring the 

impact of “gatekeeping” on online news sites (Baum and Groeling 2008). Researchers argue that 

partisan news media organizations promote topics that stimulate emotional reactions in 

audiences in order to generate website hits and revenue (Berry and Sobieraj 2013: p.114). But 

little is known about whether some topics are contributing more on opinion polarity than others. 

There are reliable low-cost methods available for identifying more and less polarizing topics in 

political discourse. Such methods could potentially open new avenues of research on media 

outlets’ topic choices and the effects of those choices on audiences’ attitudes and opinions.  

Levendusky (2013) and Baldassari and Gelman (2008) argued that internet news sites 

appear to have a high impact on polarizing the public opinion in the United States. Examining 

the effect of partisan internet sites on commenters’ attitudes is very challenging task. The limited 

availability of suitable methodological techniques and the absence of solid theoretical framework 

on automated discursive content analysis of partisan news sites are two major intellectual 
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constraints. Most studies examining the discursive content of media outlets have employed 

several qualitative research techniques focusing on narratives, semantics, discourse analysis, and 

rhetorical analysis of scripts posted on the internet news outlets.  

In traditional mass media networks, audiences have no outlets to express their opinions, 

or sentiments with regards to the broadcasted episodes. Also they have limited, if at all, 

engagement to news production. Nowadays, social media, and news sites’ blogs provide them 

with the opportunity to engage and to instantly participate in online discussions and debates with 

regards to the reported news events. 

Qualitative research has detected numerous rhetorical strategies used by partisan news 

outlets that produce polarizing emotional reactions in audiences, including overgeneralization, 

sensationalism, misleading and inaccurate information, ad hominem attacks, and belittling 

ridicule of opponents (Sobieraj and Berry 2013). However, research on how consumption of 

partisan news may influence audience attitudes has been held back due to measurement problems 

(Prior 2013). In this case study I employ LSA to identify polarizing topics contributing across 

commenters of partisan news sites. Also I utilize SA to detect the sentiments of the commenters’ 

views, and PI to point out the most polarizing topics. The inquiry of this case study derives from 

a mainstream contemporary literature on the media outrage industry, and its effect on public 

opinion.  

My findings indicate highly polarizing opinions on celebrity pundits in the sense of being 

associated with opposed sets of sentiment terms across the two groups of commenters. Political 

leaders, non-celebrities, and events were less polarizing. The results support the argument that 

political polarization in the United States is driven at least partly by mass media topic choice 
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(Berry and Sobieraj 2013; Levendusky 2013; Prior 2013). Finally my results reveal that opinions 

on gun control policies vary across the commenters in the liberal and conservative news sites. 

My findings confirm the general argument on polarizing opinions on gun control policies among 

liberal and conservative enthusiasts (Chemerinsky, 2004). 

4.2 The Media Outrage 

Over the last two decades technological changes and industry deregulation have 

expanded the American news media landscape by democratizing news production (via blogs, 

online videos, online commentary, and participatory journalism). The digital era on news sites 

stimulates the so-called “media outrage industry” supported by the hyper-partisan news outlets 

(Berry and Sobieraj 2013). Berry and Sobieraj (2013) in their book, The Outrage Industry: 

Political Opinion Media and the New Incivility employed quantitative techniques to illustrate the 

role of media pundits who extensively use provocative strategies aiming to stimulate explosive 

opinion dichotomies on controversial audiences. Most times such practices aim to direct the 

public opinion in debates irrelevant to the core subject matter of a political event. Berry and 

Sobieraj (2014) argued that the volume of outrage on contemporary political debates is 

unprecedented. The market of media has promoted news delivery methods characterized by high 

volumes of insulting language delivered in a tone of hysteria, abuse and humiliation. The 

phenomenon of media outrage is an outcome of the economic and technological shift in the 

1990s initiated by the Federal Communications Commission decision to deregulate the balance 

of political speech across the mass media producers. 
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While researchers observed and described the trends of factors contributing to the 

polarization of national politics (Levendusky 2013), the methodological challenges on measuring 

the impact of opinion polarization produced by media pundits remain intact (Fiorina 2005; 

Gentzkow and Shapiro 2011; Prior 2013). Berry and Sobieraj (2013) asserted that the booming 

outrage of our times is not a product of the increasing polarization of all audiences. Yet, media’s 

outrage tactics aim to increasing the gap between the partisans of different political or 

ideological orientations. 

Recent qualitative research identified a number of rhetorical strategies detecting 

polarizing emotional reactions in audiences. While researchers assume that some topics generate 

high polarization on the audience’s sentiments, very limited research has been conducted about 

the effect of media producers’ topic choices. Also no research attempted to identify to what 

extent media pundits affect the opinion polarization of political partisans.  

In my case study I expect that the opinions and attitudes on media pundits diverge across 

the groups from different political orientations. I hypothesize that opinions about public personas 

who openly take a political standpoint vary across the liberals and conservative news sites 

commenters. Liberal commenters are expected to have a positive or more positive opinion on 

liberal media personas than the conservatives, while conservatives are more likely to express 

positive sentiments on conservative media pundits. Finally I expect mainstream polarizing 

opinion on topics such as gun policies and religion to vary across the liberal and the conservative 

commenters actively participating in the debates taking place on the Internet’s news sites 

(Chemerinsky, 2004).  
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4.3 Case Study I: Research Questions 

The purpose of this case is to illustrate the contribution of topic extraction techniques to 

the sociological interpretations of big data. My case study employs LSA, SA, PI and CA to 

detect topics generating polarized opinions across commenters of partisan news sites. My study 

addresses the following questions. 

1. Can topic extraction techniques contribute to the discovery of opinion polarization across 

political partisans? 

2. Do high profile commentators contribute to the opinion polarization across the 

commenters of partisan news sites?  

3. What topics produce controversial sentiments across the commenters of partisan news 

sites?  

4.4 The Trayvon Martin Incident 

Exploring the phenomenon of opinion polarization across the groups from different 

ideological orientations, I collected textual data archived in two major Internet news sites; the 

Huffington Post and the Daily Caller. The Huffington Post is described as a news site expressing 

liberal views, while the Daily Caller reports political and social events from a conservative 

glance. In order to employ the topic extraction techniques I had to collect thousands of entries 

(comments) on a specific incident.  

The Trayvon Martin incident had a major impact on public views. It generated a wave of 

controversial comments posted in various cyber spaces (blogs, news sites, social media, etc.). 

The controversial opinions on the incident of the assassination of Trayvon Martin was a suitable 
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central theme based on which I could extract the textual content detecting evidence of opinion 

polarization between the conservative and the liberal commenters. Therefore I extracted and 

analyzed the textual content revealing the public reaction on the shooting causing the death of a 

young African American adolescent (Yancey and Jones 2013). 

The Trayvon Martin incident attracted the attention of most news stations, and news sites 

at a national and international scale. The news reported the incident as following. In the evening 

of February 26th in Sanford Florida, Martin was fatally shot by George Zimmerman. Martin was 

walking in a gated community where he was temporarily residing. At the same time, a multi-

racial Hispanic American who was appointed as neighborhood watch coordinator was patrolling 

the area close to Martin’s temporary residence. Zimmerman found suspicious that a young 

individual with a hoodie was walking inside the community. At this point Zimmerman called the 

Sanford Police Department to report suspicious behavior on the sight, and a potential threat to 

the community. While on the phone with the police dispatcher, Zimmerman abandoned his 

vehicle and involved to a violent encounter with Martin. The encounter concluded with a close 

range shot causing Martin’s death. Moments later Zimmerman was arrested by the police, and 

questioned for approximately five hours. Then he was released without facing any pressed 

charges.  

The “foggy” circumstances, under which Martin dropped dead, and the fact that 

Zimmerman was released a few hours after he had shot Martin, drew special attention among the 

news broadcasters at a national level. The incident rapidly transformed to a racial, and a religious 

issue. The public attention and the description of the incident as a racist crime increased the 

public pressure on Zimmerman’s arrest. 
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Several demonstrations took place where marchers were wearing hoodies to symbolically 

express their feelings over the incident. Also walk-outs were organized by high-schoolers 

seeking for justice. The media coverage and people’s demonstrations added the public pressure 

to law enforcement official to press charges on Zimmerman. On April 11th Zimmerman was 

arrested and charged for Trayvon Martin murder. He was put on a trial and on June 10th 2013 

the jury found him not guilty. The final verdict created a massive wave of controversies of public 

reaction with regards to the incident. The archived comments on the incident constituted the 

sample frame of my data collection.  

4.5 Data Collection 

The data for my analysis were collected by comments posted on two major partisan news 

sites; The Huffington Post and The Daily Caller. I collected data from these two news sites 

considering the large volume of comments in the context of the Trayvon Martin incident. Also 

relying on the controversial ideological orientation of the two news sites, I divided my dataset on 

two samples. Huffington Post is a news site claiming to express liberal views on the presentation 

and evaluation on news. On the other hand Daily Caller addresses to conservative audiences. 

Both sites extensively covered the Trayvon Martin incident providing outlets for their readers to 

express their opinions on the incident. A large amount of archival textual data derived by the 

comments posted was available since the publication of the first relevant article.  

 Trolling was one of the challenges I had to deal with in the process of categorizing the 

comments from the two news sites. Given that partisans with opposing ideological orientation 

could have entered the news sites domain to post their comments, it is very dubious to assert that 
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comments posted on Daily Caller were written by conservative individuals and on Huffington 

Post by liberal ones. There is no model diagnostics tool determining one’s political orientations 

based on the comments. At this point I assume that the self-identification of both news sites is 

adequate to categorize them as liberal and conservative sources. In the analytical part of this case 

study I explored and found that the commenters of the Huffington Post expressed more liberal 

views, while most commenters of the Daily Caller appear to have a more conservative viewpoint.  

The data collected involved the use of Helium Scraper which is a commercial software 

package suitable for the extraction of web contents organizing them into spread sheets. There 

were more options on data mining software programs (i.e. Python, R, Java, etc.) Yet the 

JavaScript of the news sites prevented the process of crawling. I used Helium scraper because of 

its ability to perform iterative functions scraping contents from multiple web pages.  

Topic extraction does not require any sampling techniques to produce reliable or valid 

results. However, larger volumes of textual data better represent the topics discussed in the 

comments space. The data organization consisting of document collection similar in terms of size 

(word count) and time posted. The process involved a natural-experiment design based on which 

the text samples were drawn from the two sites organized by their association to certain themes. 

In order the comments to be included in my dataset, there had to be archived simultaneously on 

both sites. As I mentioned previously, the sampling process involved similar word counts. To 

accomplish equal words weights on comments I truncated the length longer comments to match 

the shorter ones.  

Table 2 presents a sample of comments scraped from Huffington Post and Daily Caller, 

presenting the total number of lines and words constituting the final dataset. The number of lines 
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of text matches the two sources (3,904 lines for both). Also the word counts are approximately 

identical. Specifically the dataset consists of a total of 129,584 words posted on Huffington Post, 

and 130,204 words appearing in the comments posted on Daily Caller site. Helium managed to 

scrape the textual content semi-automatically, and exported it in a csv file. The next section 

illustrates the use of a hybrid technique and points out the findings of this case study.  

Table 2 

Readers’ Comments in Response to Trayvon Martin Stories on Partisan News Sites 

 Huffington Post   Daily Caller  

Date Article to which readers responded: Lines Date Article to which readers responded: Lines 

3/23 
Geraldo Rivera: Trayvon Martin’s ‘Hoodie Is As Much 

Responsible For [His] Death As George Zimmerman’ 
405 3/23 

Geraldo: ‘The hoodie is as much responsible for 

Trayvon Martin’s death as George Zimmerman was’ 
405 

3/23 
Newt Gingrich: Obama’s Trayvon Martin Statement 

‘Disgraceful’ 
565 3/24 

Gingrich lashes out at Obama for ‘disgraceful’ 

Trayvon Martin comments as new witness supports 
shooter 

565 

3/23 
Obama On Trayvon Martin Case: ‘If I Had A Son, He’d 

Look Like Trayvon’ 
124 3/23 

Obama offers belated comments on Trayvon Martin’s 
death 

124 

3/29 
Trayvon Inc: Vendors Try To Profit From Slain Teen’s 

Case 
15 3/23 

Trayvon Martin merchandise spreads through Florida 
town before, during Sharpton rally 

15 

3/29 
Herman Cain: We Should Be ‘Just As Outraged’ By 
New Black Panther Threats As By Trayvon Martin’s 

Death 

216 3/26 
Cain: ‘Swirling rhetoric,’ ‘war of words’ in Trayvon 

case must stop, facts are needed before rushing to 

judgment 

216 

3/27 
New York Post’s Trayvon Martin Front Page Calls 

Hooded Lawmakers ‘Race Hustlers’ 
56 3/26 

Former NAACP leader accuses Sharpton and Jackson 

of ‘exploiting’ Trayvon Martin 
56 

3/26 
Rev. Michael Pfleger Demands America ‘Deal With 

Race’ In Fiery Sermon About Trayvon Martin 
111 3/26 

Father Pfleger memorializes Trayvon Martin with 

wooden statue, hoodie, Skittles at church altar 
111 

3/27 
North Miami Beach High Students Allegedly Ransack 

Walgreens During Trayvon Martin Walkout 
73 3/27 

Miami teens ransack, loot local Walgreens in Trayvon 

Martin ‘protest’ 
73 

3/28 
Allen West: Trayvon Martin Tragedy Should Not Be 

Used ‘To Push An Ideological Agenda’ 
213 3/28 

Allen West on Trayvon Martin case: No one should 

use this to ‘push an ideological agenda’ 
213 

3/31 
Bill Maher Calls Zimmerman A Liar, Blames Liberals 

For Surrendering On Gun Laws 
326 3/28 

Bill Maher blames ‘the Democrats’ for the Trayvon 

Martin shooting 
326 

3/30 
Joe Scarborough On Trayvon Martin: Conservatives 

Are ‘Fools’ For Taking Political Stance 
268 3/29 

Scarborough: Blame Trayvon Martin and ‘you will 

look foolish in the end, or worse’ 
268 

4/1 
Bill Kristol: Trayvon Martin Media Coverage Is 

‘Demagoguery’ 
108 4/1 

Bill Kristol: Trayvon Martin controversy now ‘is just 

demagoguery’ 
108 

4/4 
Trayvon Martin Resolution Introduced By 

Congressional Black Caucus 
283 4/4 

CBC resolution to honor Trayvon Martin cites ‘racial 

bias’ as reason for death 
283 

4/9 
Trayvon Martin Case: Special Prosecutor Called Off 

Grand Jury, Will Decide Zimmerman’s Fate 
182 4/9 Grand jury will not convene for Trayvon Martin case 182 

4/9 
Hacked Road Sign Changed To Include Racial Slur 

About Trayvon Martin 
31 4/9 

Mich. officials ‘appalled’ by racist Trayvon Martin 

message on road work sign 
31 

5/3 
Skyy Fisher, Compton School Board Member, Called 

Trayvon Martin A ‘F*ggot Black Dude’ 
82 5/3 

Calif. school board member: Trayvon Martin a ‘faggot 

black dude’ 
82 

total 129,584 words 
3908 

lines 
  130,204 words 

3908 

lines 
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4.6 Methods and Findings 

Several methods of qualitative content analysis have been commonly used to analyze 

ethnographic interview transcripts, open-ended survey item responses, newspapers, and social 

media texts, quantitative and mixed-method text analysis techniques are less common. However, 

as I extensively discussed in chapters 1 and 2 text analysis was originally found as a quantitative 

technique. Roberts (1997) categorized several quantitative techniques as semantic, network, or 

thematic. Semantic text analysis methods explore latent meanings in texts (e.g. Franzosi 2010; 

Gottschalk and Gleser 1969; Ignatow 2004, 2009; Roberts 1997). Network text analysis methods 

measure statistical associations between words to infer the existence of mental models shared by 

members of a community (Carley 1997). Thematic text analysis techniques focus on manifest 

meanings in texts, and include methods commonly used in business as well as in social science 

research, including topic models. In this case study I employ LSA to extract the most significant 

topics discussed across the commenters of the Huffington Post and the Daily Caller.  

LSA is a statistical method for identifying topics in large collections of documents 

(Evangelopoulos et al., 2012; Pilato and Vassallo, 2014). LSA belongs to a family of methods 

used to automatically identify and extract latent topics. Such techniques have been employed in 

numerous applications in social sciences, humanities and other disciplines (Mohr and Bogdanov 

2013). The digital humanities community is far ahead in the use of topic models (Jockers 2013; 

Meeks and Weingart 2012). However, the applications of topic models have drawn the attention 

of political scientists (e.g. Grimmer, 2010; Grimmer and King, 2011; Grimmer and Stewart, 

2013), and since very recently amongst sociologists (Moody and Light, 2006; McFarland et al. 

2013; Mohr and Bogdanov 2013; Kaplan, 2012).  
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In chapter 3 of this dissertation I described the technical and mathematical operation of 

LSA. In brief, LSA involves a procedure called vector space modeling (VSM) presenting the 

terms and documents in a matrix notations. The analysis of the textual data collected by the two 

news sites starts with the VSM operations identifying 986 unique terms in the space of 8928 

comments. The next step involves a process called truncated singular value decomposition by 

which I retain the most significant terms appearing within the same set documents. At this point 

in order to investigate the appropriate number of dimensions representing the textual content of 

the comments posted in the Huffington Post and the Daily Caller I implemented a log-likelihood 

ratio estimation (Zhu and Ghodsi 2006), and I found that 11 dimensions (topics) presenting the 

content of the entire textual dataset. After reviewing the terms constituting each dimension 

(topic), I retained 10 out of 11. My decision was based on evidence that one dimension consists 

of meaningless language constructs and artifacts such as One, www.com, I don’t know, etc.  

The next step involved an applied varimax rotation based on the term loadings in order to 

optimize the interpretability of the detected topics. The results of LSA produced a matrix of 

high-loading terms and a matrix of high-loading documents for each topic factor based on which 

I labeled after considering high loading terms and documents. Table 3 presents an example of 

highly loaded comments on the topic Hoodies/Geraldo Rivera. All comments in the table appear 

to load high on the Hoodies and Geraldo Rivera, which justifies that the dependence of the 

subtopic Rivera on the subtopic hoodies. The last step of the topic extraction procedure was to 

label the topics extracted; I asked from a panel of 5 individuals familiar with the incident of 

Trayvon Martin to review the clusters of the identified terms, and label ten dimensions retained. 
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Table 3 

Sample Comments That Load High on Topic 6 (hoodies/Geraldo Rivera) 

Comment ID Comment Loading 

HP3528 Kim Kardashian wears Hoodies : 0.7186 

 

HP0949 

 

...Geraldo is absolutely right about the hoodie theory... 

when you see someone in a hoodie the first thought is 

what are they up to 

 

 

0.6091 

HP1394 So why does Geraldo wear a hoodie? We have pictures. 

 

0.5558 

DC1266 BS. A hoodie disguises a person's race, idiot. That's why 

they wear them… 

0.5105 

DC2419 ...You are stupid beyond words. So a black kid can't wear 

a hoodie because other black people in the country who 

have committed crimes also wear hoodies? 

 

0.4889 

DC2530 Kids today dress like they want to be bad guys...The 

music culture is the culprit here and the clothing 

styles...This boy died for stupidity. Stupidity over a good 

kid dressing like a bad kid when he wasn't… 

0.4741 

DC0593 The blistering idiotic Rivera wears a hoodie during a 

rainstorm: 

0.4699 

 

After I identified and labeled the topics with regards to the Trayvon Martin incident, I 

employed SA. My objective was to detect the commenters’ sentiments for each of the extracted 

topics. As I discussed in chapter 3 of this dissertation, a type of SA involves document-level 

sentiment classification based on sentiment lexicons of positive and negative words and phrases 

(Hu and Liu 2004; Liu 2010). I performed SA using R statistical package and I included a 

sentiment lexicon developed by Liu (2004). His lexicon includes 6800 positive and negative 

sentiment terms. Liu’s lexicon includes adjectives, nouns, verbs, phrases and idioms expressive 

of and negative sentiments. Table 4 below summarizes the counts of comments for each topic 

revealing a positive or negative sentiment.  
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Table 4 

Trayvon Martin Comment Counts by Topic, Source, and Sentiment. 

Huffington Post Daily Caller 

Topic Label Negative Positive Negative Positive  Total 

 

The incident 379 131 294 124 1500 

 

Black and white 221 60 309 92 1038 

 

President  

Obama 187 124 220 143 1094 

 

Gun laws & 

Bill Maher 239 84 181 69 882 

 

Hoodies & 

Geraldo Rivera 157 43 122 66 617 

 

Looked like 

Obama's son 83 74 101 93 585 

 

Racist! 89 12 201 21 429 

 

God 53 38 47 23 263 

 

All justice for 

all  137 69 153 74 725 

 

Guns kill, 

people kill 189 68 184 44 830 

 

Total 1734 703 1812 749 7963 

 

After I performed the LSA and SA procedure, in order to detect the topics contributing 

more to the sentiment polarity across the commenters of the two sources, I utilize a polarization 

device, PI. The PI is simply an iterative procedure of χ² tests computed separately for each topic. 

In mathematical notations the polarization index can be expressed as, 

PIk = ΣiΣj ((Oijk – Eijk) 2/Eijk), i = 1 to 2, j = 1 to 2, k = 1 to 10, (11) 
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where Oijk is the observed comment count from source i, expressing sentiment j, addressing topic 

k, and Eijk is the corresponding expected comment count under the conditional assumption of 

independence between source and sentiment given a fixed topic. Eijk is then computed as  

Eijk = (ΣjOijk) (ΣiOijk)/ (ΣiΣjOijk), and PIk follows a χ² distribution with (r-1) (c-1) degrees of 

freedom, where r is the number of comment sources (in our case, r = 2), and c is the number of 

sentiment levels (in our case, c = 2, since we only consider positive and negative sentiment). 

Table 5 below shows the observed and expected comment counts for topic k=1, the 

incident. PI is then computed as PIk=1 = (379–369.86)2/369.86 + (131–140.14)2/140.14 + (294–

303.14)2/303.14+ (124–114.86)2/114.86 = 1.8249. This follows a χ² distribution with 1 degree 

of freedom. The PI shows evidence of divergent and convergent sentiments across the 

commenters of liberal and conservative news sites for each topic extracted. The p-values indicate 

significance differences on opinion at α=0.05. 

Table 5 

Polarizing Opinion on the topic, Incident 

  Observed comment counts Expected comment counts 

Source 

 Negative Positive Total Negative Positive Total 

Huffington Post 

(liberal) 379 131 510 369.86 140.14 510 

 

Daily Caller 

(conservative)  294 124 418 303.14 114.86 418 

 

Total 673 255 928 673 255 928 

 

Topics with low PI scores and high significance (low p values) indicate identical 

distributions of sentiments, while high PI scores with lower significance values indicate higher 
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levels of polarization across the two sources. Table 6 presents the results of the PI analysis 

determining that the most polarizing topic is topic 6, Hoodies/Geraldo Rivera. 

Table 6 

Polarization Index Scores: All Topics 

Topic Label PI df Significance (p-values) 

The incident 1.82 1 0.1767 

Black and white 0.24 1 0.6233 

President Obama 0.02 1 0.8995 

Gun laws/Bill Maher 0.18 1 0.6689 

Hoodies/Geraldo Rivera 8.88 1 0.0029 

Looked like Obama's son 0.02 1 0.8807 

Racist! 0.44 1 0.5053 

God 1.33 1 0.2484 

All, justice for all 0.04 1 0.8431 

Guns kill, people kill 3.49 1 0.0618 

 

As it appears from my analysis the topics Hoodies/Geraldo Rivera and Gun Kill, people 

kill contribute the most on the polarization of sentiments across the two sources. On the other 

hand, opinions on President Obama and Looked Like Obama’s son, appear to be the most 

homogeneous (convergent) across the commenters of Huffington Post and the Daily Caller 

 

.  
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Table 7 

Row Profiles, Topic by Sentiment, Huffington Post vs. Daily Caller 

   Huffington Post  Daily Caller 

   Sentiment  Sentiment 

Topics  Neg 

(%) 

Neutr 

(%) 

Pos 

(%) 

Row 

Mass 

 Neg 

(%) 

Neutr 

(%) 

Pos 

(%) 

Row Mass 

(%) 

The incident  379 

(46.2) 

311 

(37.9) 

131 

(16) 

821 

(20.9) 

 294 

(43.3) 

261 

(38.4) 

124 

(18.3) 

679 (16.8) 

Black and 

white 

  

221 

(51.5) 

 

148 

(34.5) 

 

60 

(14) 

 

429 

(10.9) 

  

309 

(50.7) 

 

208 

(34.2) 

 

92 

(15.1) 

 

609(15.1) 

 

President 

Obama 

  

 

187 

(37.1) 

 

 

193 

(38.3) 

 

 

124 

(24.6) 

 

 

504 

(12.8) 

  

 

220 

(37.3) 

 

 

227 

(38.5) 

 

 

143 

(24.2) 

 

 

590 (14.6) 

 

gun  

 

Laws/Bill 

Maher 

  

 

239 

(48) 

 

 

175 

(35.1) 

 

 

84 

(16.9) 

 

 

498 

(12.7) 

  

 

181 

(47.1) 

 

 

134 

(34.9) 

 

 

69 

(18.0) 

 

 

384 (9.5) 

 

 

Hoodies/ 

Geraldo 

Rivera 

  

157 

(49.2) 

 

119  

(37.3) 

 

43 

(13.5) 

 

319 

(8.1) 

  

122 

(40.9) 

 

110 

(36.9) 

 

66 

(22.2) 

 

298 (7.4) 

 

 

Looked like 

Obama's son 

  

83 

(30.5) 

 

115 

(42.3) 

 

74 

(27.2) 

 

272 

(6.9) 

  

101 

(32.3) 

 

119 

(38) 

 

93 

(29.7) 

 

313 (7.7) 

 

Racist! 

  

89 

(66.4) 

 

33 

(24.6) 

 

12  

(9.0) 

 

134 

(3.4) 

  

201 

(68.1) 

 

73 

(24.7) 

 

21 

(7.1) 

 

295 (7.3) 

 

God 

  

53 

(33.8) 

 

66 

(42.0) 

 

38 

(24.2) 

 

157 

(4.0) 

  

47  

(44.3) 

 

36 

(34.0) 

 

23 

(21.7) 

 

106 (2.6) 

 

 

All, justice 

for all 

  

137 

(40.4) 

 

133 

(39.2) 

 

69 

(20.4) 

 

339 

(8.6) 

  

153 

(48.5) 

 

159 

(39.8) 

 

74 

(11.6) 

 

386 (9.6) 

 

 

Guns kill, 

people kill 

  

189 

(41.9) 

 

194 

(43.0) 

 

68 

(15.1) 

 

451 

(11.5) 

  

184 

(48.5) 

 

151 

(39.8) 

 

44 

(11.7) 

 

379 (9.4) 

 

 

mass 

  

1734 

(44.2) 

 

1487 

(37.9) 

 

703 

(17.9) 

 

3924 

(100) 

  

1812 

(44.9) 

 

1478 

(36.6) 

 

749 

(18.5) 

 

4039 

(100.0) 

 

 



63 

 

The final step of my analysis aims to create topic by sentiment correspondence maps. I 

employ a simple correspondence analysis (see Chapter 3 for the technical details of the 

technique). I constructed a contingency table with the row variable topics (attributed by the ten 

topics we extracted with the LSA) and the column variable sentiment (attributed by negative, 

positive, and neutral sentiments). Note that the attribute neutral was added to the variable 

sentiment. In my preliminary cross-tabulation analysis I found that 49% of Huffington Post 

commenters (liberal orientation) expressed negative sentiments associated with the topic 

hoodies/Geraldo Rivera. The model’s χ² value shows significant difference sentiments across 

topics. The χ² test confirmed that the model is significant (p≤0.05) far I have detected significant 

differences in the distribution of sentiments for most topics across sources. 

Table 7 shows raw frequencies as well as the percentage frequencies of sentiments on 

topics from both sources. My analysis generated two topic-sentiment maps showing sentiment 

attributes in a two-dimensional space. Using Minitab I estimated the χ² distances of the topic-by-

sentiment contingency table, and found evidence of significant association between topics and 

sentiments across the Huffington Post and the Daily Caller. That is, sentiments appear to be 

significantly different across topics in both datasets (HP total χ²= 108.625, DC χ²=150.445).  

Table 8 presents the χ² distances between the sentiments and topics. The addition of 

neutral sentiment seemed to affect the distribution of sentiments on topics by source in 

comparison to the PI calculated without considering neutral sentiments. The χ² distances reveal 

the location of each of the attributes of the rows the columns space. High χ² distances indicate 

strong associations, while low χ² distances reveal independence or no association. The symmetric 

plots display the distances of each topic in the space of the negative, positive and neutral 
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sentiments. Also the model diagnostics shows that the model fits well both samples (see 

eigenvalues in tables 9 and 10). However the association between the sentiments and topics 

between the two sources appears to be weak.  

Table 8 

Correspondence analysis, Χ² distances. 

 Huffington Post   Daily Caller  

Topics Sentiment  Sentiment 

 Neg Neutr Pos χ² Neg Neutr Pos χ² 

The incident 
0.724 0.00 1.759 2.483 0.370 0.632 0.029 1.031 

Black and white 

5.210 1.306 3.697 10.213 4.688 0.990 3.880 9.558 

President Obama 

5.728 0.021 12.583 18.331 7.545 0.571 10.312 18.428 

Gun laws/Bill Maher 

1.629 0.997 0.305 2.932 0.442 0.302 0.069 0.813 

Hoodies/Geraldo Rivera 

1.824 0.029 3.504 5.357 1.022 0.008 2.087 3.117 

Looked like Obama's son 

11.511 1.380 13.104 25.995 11.066 0.174 21.053 32.293 

Racist! 

14.983 6.225 6.005 27.213 35.616 11.315 20.767 67.698 

God 

3.866 0.711 3.465 8.043 0.006 0.201 0.569 0.776 

All, justice for all 

1.094 0.160 1.125 2.380 2.349 2.231 0.082 4.662 

*significant at p=0.05; ** significant at p=0.025, ***significant at p=0.001 

 

For the sample of Huffington Post the model explains only 2.7% of the total variation of 

distribution of sentiments by topic (Table 9, total eigenvalues=0.0248), while for the sample of 

the Daily Caller the model explains only the 3.72% (table 10, total eigenvalues=0.0372) of the 

total variation. Tables 9 and 10 show that component 1 appears to have a higher percentage of 

inertia than component 2 in both samples. Component 1 explains 89.67% of the 2.7% of the 

variation in the first sample, while component 2 captures only 10.33% of the same percentage of 
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the total variation. Similarly, in the sample of the Daily Caller, component 1 explains 90.69% of 

the 3.7% of the total variation of and component 2 only 9.31% of it.  

Table 9 

Dimensionality Detection and Model Diagnostics: Huffington Post. 

Component Eigenvalues Percentage of 

Inertia 

Cumulative % χ² p-value 

1 0.0248 89.67% 89.67%   

2 0.0029 10.33% 100%   

Total 0.0277   108.625*** 0.000 

 

From our model diagnostics I found that model should be interpreted on the space of 

component 1. That is, the χ² distances of topics and sentiments should be interpreted on the space 

of the x-axis. That is, the graph should be read by comparing the dispersion of topics only in the 

negative and positive attributes in the graphical domains. The neutral dimension is only 

interpretable if we compare neutral against a synthesis of negative and positive sentiments, 

which could lead to conceptually ambiguous conclusions.  

Table 10 

Dimensionality Detection and Model Diagnostics: Daily Caller.  

Component Eigenvalues Percentage of 

Inertia 

Cumulative % χ² p-value 

1 0.0338 90.69% 90.69%   

2 0.0035 9.31% 100%   

Total 0.0372   150.445*** 0.000 

 

Figures 11 and 12 display the topic-sentiment maps. From the model diagnostics and by 

observing the conceptual maps, it is evident that component 1 displays the data in a better 
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manner. The plotting shows that the topics are associated with positive and negative sentiments 

(see chi-square distances). My analysis reveals that commenters of the Huffington Post (figure 

10) tend to have positive opinions on President Obama, positive/neutral opinions on God, 

Justice for all and Looked like Obama’s son, and negative sentiments on Gun Laws/Maher, 

Hoodies/Rivera, Racist and Black and White. Also liberal commenters have an overall neutral 

sentiment on the topic Gun kill, people kill. Finally commenters expressed neutral sentiments on 

the incident meaning that the comments narrating the facts of the Trayvon Martin case expressed 

neither positive nor negative sentiments. 

The second topic-sentiment attribute map (see figure 11) displays the distribution of χ² 

distances of topics by sentiment across the comments posted on the Daily Caller (conservative 

source). Based on the correspondence maps, commenters expressed negative feelings on topics 

Racist, Black and White, Guns Kill; people kill and Gun laws/Maher. On the other hand the 

analysis revealed positive opinions on Justice for all, President Obama, Hoodies/Rivera, Looked 

like Obama’s son, and God. Finally the net sentiment about topic the incident, referring to the 

narratives with regards to what actually happened during the night of February 26th, is neutral. 

Comparing the correspondence maps of the two sources, I conclude that the commenters 

of the Daily Caller seem to express convergent sentiments on certain topics, and polarizing ones 

on others. Specifically commenters of both sources share relatively positive opinions on the 

topics President Obama, Looked like Obama’s son and Justice for all. Also they both expressed 

negative feelings on Racist and Black and White. 

In both cases, the findings reveal convergent opinions on several topical domains 

implying consensual negative emotions with regards to racism. Also they share positive opinions 
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on President Obama, Looked like Obama’s son and Justice for all. It is evident that commenters 

of the conservative and the liberal source reacted positively to Obama’s public statement that 

Trayvon could have been his son. Finally all parties seem to keep a positive stance on rendering 

of justice. 

 

Figure 10. Topic-Sentiment Map for Huffington Post Commenters 

 

To summarize the findings of my analysis, only two topics appear to significantly 

polarize opinions between the liberal and the conservative commenters. Comments on topics 

guns kill, people kill reveal neutral sentiments among liberals, and a negative ones among the 

conservatives. Finally, opinions with regards to hoodies/Geraldo Rivera are the most polarizing 

topic between the liberals and conservatives. Comments posted on Huffington Post clearly state 

feelings of negation on Rivera public statements imputing the Martin’s assassination on the fact 

that he was wearing a hoodie, while the majority of comment in the Daily Caller seem to 

positively reacted to the Rivera’s provenance of the incident.  
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Figure 11. Topic-Sentiment Map for Daily Caller Commenters 

 

4.7 Discussion and Conclusions 

In this case study I employed a hybrid method consisting of LSA (topic extraction), SA 

(opinion mining), PI (opinion polarization), and CA (topic-sentiment maps) to detect the most 

polarizing topics across the commenters of liberal and conservative news sites. The comments 

accumulated were contextualized on the Trayvon Martin incident. My case study aimed to find 

evidence on whether the media pundits are contributing to the polarization of opinions across 

opposing political groups. To do so, firstly I collected the data from a liberal and a conservative 

news sites, then I extracted the topics discussed, and I calculated the sentiment score of each 

comment. Then I employed a polarization detection technique discovering the degree of opinion 

polarization by topic across the commenters of the liberal and the conservative news sites. 
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Finally I constructed topic-sentiment maps presenting the topics in the sentiments space. The 

hybrid method successfully performed the analysis the textual data used in this study. It 

produced results suitable for sociological interpretations. My findings have drawn identical 

conclusions with mainstream research studies in the field of the sociology of media and 

communication studies. 

My findings indicate that Hoodie/Rivera is the topic on which liberals and conservatives 

expressed diametrically different opinions. Geraldo Rivera is a television celebrity working for 

the Fox News at the time the Trayvon Martin incident took place. He publicly cautioned the 

African American and Latino families about the danger of wearing hoodies. He urged the parents 

to forbid their children to walk publicly wearing hoodies because such fashion is provocative 

inclining a criminal behavior. The vast majority of the commenters of the Huffington Post stated 

their negation, fierce, despise and anger on Rivera’s statement, while most commenters of the 

Daily Caller posted positive comments showing their support to Rivera’s position.  

Berry and Sobieraj argued that in the modern world of news media, media pundits use 

provocative and polarizing practices in order to be at the center of attention. My findings reveal 

that Rivera’s public statement about hoodies brought him on the spotlight of social media 

debates. Some expressed emotions of hatred and anger, while other agreed and supported the 

Rivera’s public statements. Despite the outcome of the debate the objective of every media 

pundit is to attract the interest of the audience, and Rivera through polarizing practices definitely 

attracted a lot of attention.  

In conclusion, I found evidence justifying the contribution of high profile commentators 

to the opinion polarization across groups with different ideological orientations. I found that 
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certain topics create more polarizing sentiments than others. Also comments related to pro-gun 

tend to establish divisive sentiments across the liberals and the conservatives. That is, 

conservatives tend to have positive sentiments, while liberals oppose pro-gun sentiments. This 

finding reaffirms the conclusive remarks of numerous former studies on the divergent opinions 

with regards to pro-gun policies across political partisans. 
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CHAPTER 5 

CASE STUDY II: AN ILLUSTRATION OF TOPIC EXTRACTION TECHNIQUES TO 

TRACK SOCIOLOGICAL TOPIC DIVIDES: A COMPARATIVE STUDY  

5.1 Introduction 

UNESCO in collaboration with the International Social Science Council (ISSC) 

published a report in 2010 describing the institutional geography of social sciences emphasizing 

the increasing patterns of cooperation between different fields of social sciences. The report 

emphasizes the regional variations in topical domains, it denotes the dominance of the western 

philosophy, and it exemplifies the thematic fractures within the sphere of all social sciences. 

Also the report explains the phenomenon of homogenization and pluralization of topics in cross 

national settings.  

The fields of sociology, economics, political science and psychology, had once been 

particles of an integrated field. However, because of the continuous subdivisions of fields, and 

the consistent division of labor, the intellectual schisms were inevitable. A shared argument 

within the academic circles is that the extensive division of labor has had a tremendous impact 

on the intellectual formation of social sciences. It is one of the major factors causing topical 

fragments to the once known integrated field of the social sciences (Abbott, 2001).  

My case study does not investigate the institutional geography of all social sciences. 

Instead, it focuses on mapping the internal topical structure of sociology. Mainly it aims to detect 

the distinctions of topical domains within the field of sociological knowledge in the United 

States and the United Kingdom. I focus solely in the discipline of Sociology because it is by far 
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the most pluralistic and most fractural scientific field compared to Economics, Psychology and 

Political science (Abbott, 2001).  

I discuss several vanguard research studies using a variety of theoretical frameworks and 

methodological styles analyzing the intellectual landscape of Sociology (Turner, 1990; Moody, 

2004; Abbott, 2001; Daipha, 2001; Heilbron, 2013; Meter and Saint Leger, 2014). Also I employ 

theoretical arguments of the new institutional theory, field theory and the framework of the 

communities of practice to theoretically support the formation of the intellectual landscape of 

sociology. Then I employ LSA to extract the most significant topics, and I utilize PI to detect the 

divisive and the bridging topics forming the intellectual landscape of the American and British 

sociological journals. Also I use CA to map the extracted topics and graphically display the 

distribution of topics in the journals’ space. Finally, I conclude my study by conducting a trend 

analysis of the publication rates to describe the publication patterns over time.  

Sociologists have shown a rigorous research interest in exploring, describing and 

explaining the geography of the sociological field (Rainoff, 1929; Becker, 1930; Shanas 1945; 

Tannenbaum and Greenberg, 1961; Turner and Turner, 1990; Abbott, 2001; Moody 2004; 

Moody). Becker (1930) identified the themes published at the American Journal of Sociology in 

the 1920s, and Shanas (1945) focused on the detection of topical patterns published in the same 

journal. A group of scholars have described Sociology as a chaotic discipline and elusive field 

(Turner, 1990), while others identified the causes of the thematic fractals of the field. (Abbott 

2001). 

Even though much research has been done to describe the specialties and the thematic 

domains of sociology, none of the contemporary studies addresses the suitability of topic 
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extraction techniques to map the topical landscape of sociology. Several scholarly works focused 

on the topical divides (Abbott, 2001), while others on topical  bridging (Heilbron, 2013; Meter 

and Saint Leger, 2014). Only a small group of scholars approached the issue empirically; a few 

based their thesis on co-authorship networks (Moody, 2004), and others on the associational 

affiliations and professional memberships (Daipha, 2001; Ennis, 1992).  

I describe the intellectual landscape of Sociology from an institutional perspective. I 

incorporate Mohr’s and White’s (2008) institutional model describing sociological knowledge as 

a field belonging to the broader institution of scientific knowledge. Then I employ elements of 

Bourdieu’s field theory, and Wenger’s communities of practice emphasizing the process of 

internal structuration discipline. Being more specific, I follow Wenger’s (2008) communities of 

practice to support the use of topic extraction techniques as state-of-the art methodology to 

investigate the intellectual landscape formed by the production of meaning (topic structures). 

Finally I test mainstream research controversial studies on the topic divides and topic bridging in 

Sociology.  

Seeking evidence of divisive and concurrent topical preferences across American and 

British sociological journals, I collected 11,793 abstracts published in eight major American and 

British. Then I employed a hybrid method consisting of LSA, CA, PI and trend analysis to 

describe the intellectual landscape of sociology and to detect the publication rates patterns of 

each topic in each country. 

In summary, the purpose of this case study is to employ LSA, CA, PI and trend analysis 

to describe the intellectual landscape of major American and British sociological journals. I 

employ LSA to distill the conceptual fabric (topic structure) which is embedded to the social 
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artifacts (journal articles) produced by the agents of the sociological field (researchers, scholars, 

reviewers, editors, etc.). I expect to find evidence of divergence on Theory and Methods (Abbott, 

2001), while I expect to detect bridging topics holding the discipline together (homogenization of 

topic structure) between the American and the British journals. Also I anticipate shifts on topic 

preference in the journals of the two countries overtime. 

5.2 The Sociological Intellectual Landscape 

The foundation of the philosophical systems is built on the notion of integrated spectra of 

scientific fields. The classification of distinct scientific disciplines forms the institution of human 

knowledge. Auguste Comte in his early writings (1819-1828) described the internal mechanisms 

of the philosophical structure ordered into six scientific disciplines; (1) Mathematics, (2) 

Astronomy, (3) Terrestrial Physics, (4) Chemistry, (5) Physiology, and (6) Social physics 

(sociology). Since the establishment of sociology as a distinct scientific discipline, there has been 

a continuous process of specializations forming an influx discipline. Bourdieu (1999) and 

Polanyi (2000) exemplified the competitive character of the scientific fields, and theoretically 

analyzed the factors arranging the disciplines in the academic market place.  

Sociology is a multifaceted discipline with interstitial intellectual tendencies (Abbott, 

2001; Curtis and Petras, 1974). Sociological knowledge, similar to other scientific disciplines, is 

an established field of thematic specializations subject to intellectual needs, social sources 

(Abbott, 2001), and division of labor (Schofer and Meyer, 2005). Various scholars have 

attempted to investigate the evolving structure of sociological thematic entities by employing 

different theoretical and methodological perspectives. Several vanguard theoretical and empirical 
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models examine the structure of the discipline from the glance of associational memberships 

recognizing it as a contributing factor to the formation of the field of sociological knowledge 

(Cappell and Guterbock, 1992; Daipha 2001; Ennis, 2001). Another group of scholars describe 

the geography of sociological knowledge from a collaborative network approach, and a topic 

centrality perspective (Moody, 2004; Moody and Light 2006), while others focus on the 

emergence of institutional isomorphism of the sociological thematic structure in global settings 

(Schofer and Meyer, 2005, Heilbron, 2013). Many findings of former research regarding the 

homomorphic or heteromorphic topic structures appear to be controversial. From an institutional 

perspective, DiMaggio and Powell (1991) argued that the institutional pressures tend to increase 

homogeneity of organizational structures in a given institutional environment. On the other hand, 

institutional knowledge is often partitioned in the process of reification (Wenger, 2008) shaping 

topic distinctions in the field (Abbott, 2001).  

Also research findings have suggested that topic distinctions generate thematic fractures, 

and conceptual discontinuities within organized systems of knowledge production (Abbott, 

2001) Finally, Abbot (2001) posited that every discipline is fractured by opposing theoretical and 

methodological selections. Wegner argued that participation and reification are two vital 

components forming the communities of practice. Combining Abbot’s and Wegner’s theoretical 

posits, I argue that journals’ preferences on published works form communities of knowledge 

production that can either divide or unite the intellectual structure of a discipline. 

Frequently sociologists discuss the structural deficiencies of the sociological discipline 

highlighting the lack of topic cohesiveness and the limited degree of methodological and 

theoretical consensus examining identical social issues. There are several theoretical approaches 
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attempting to describe Sociology’s thematic structure highlighting the network of specialties. 

Cappell and Guterbock (1992) highlighted four theoretical perspectives that could explain the 

structure of sociology, the ideational theory, the political-economic theory, the professional 

power theory, and the intellectual network circle/network theory. Ideational theory suggests that 

specialty structures are formed by the differentiation and integration of ideas (Parsons, 1951; 

Cappell and Guterbock, 1992). Political-economic theory exemplifies a polarized group of 

specialties constituted by functional and critical sociologists (Turner, 1990; Cappell and 

Guterbock, 1992), while the professional power theory focuses on the status, prestige 

classification among sociological researchers (Larson, 1979; Burris, 2004). Finally the 

intellectual circle/network theory suggests that co-specializations fabricate thematic diffusions in 

the discipline (Crane, 1972; Burt, 1982; Mullins, 1973; Quarantelli and Weller, 1974). 

There are other factors independent from the intellectual landscape of the field 

contributing to the disintegrating topic structure of the field. For instance, economic resources, 

social capital, professional networks, departmental prestige, and university statuses are 

exogenous factors explaining the fractures in the landscape of sociological knowledge. From the 

glance of the social organization perspective, Daipha (2001) examined the patterns of joint 

membership in the American Sociological Association and identified unique consistent thematic 

clusters between 1990 and 1997. Her findings support the group of scholars predicting an 

eventual solidification of the field of sociology.  

Finally my overview over the former studies explaining the intellectual landscape of 

Sociology concludes with Moody’s and Light’s (2004) reference with regards the future of the 

sociological field. The optimistic view claims that topic fragmentations lead to a more pluralistic 
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model of science without threatening the cohesiveness and uniqueness of the field. The outcome 

of the pluralistic view is to create a “more democratic sociology” recognizing the importance of 

the differences on epistemological approaches and theoretical frameworks. (Friedrichs, 1970). 

On the contrary the pessimistic view denotes that the continuous process of topical 

fragmentations would eventually lead to the decomposition of the discipline (Horowitz, 1993; 

Moody and Light, 2006). In the next section I present an institutional theoretical scheme 

explaining the structure of the sociological discipline (Meter and Saint Leger, 2014)  

5.3 The Sociological Field within the Social Institution of Knowledge 

Institutional theory suggests that institutions are enduring mechanisms arranging and 

consolidating social structures (Mohr and White, 2008). Following Mohr’s and White’s 

theoretical approach, I argue that institutions establish linkages between micro, meso and macro 

structures. At any level (local or global), the agents interact symbolically within a frame of 

arrangements producing material structures. This mechanism relies on the cultural interactions 

within the organizational substructures securing the functional role of the institutional constructs. 

Most research on institutional modeling utilizes network analysis techniques underlying cultural 

practices revealing the interaction between agents in the institutional space (Ennis, 1992; 

McLean, 1998; Mohr and White, 2008). Also the use of network analysis has been a vanguard 

methodological approach to map the divides and linkages of cultural elements and structural 

domains in the institutional contexts (Tilly, 1997; Moody, 2004). All methodological selections 

used for institutional analysis affirm the obscure role of institutional agency (Tilly, 2004).  
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Conceptualizing agency is a very challenging task. There have been numerous research 

papers describing the crucial role of agency on the formation social institutions. Agents besides 

their institutional role, they develop unique styles that may be in accordance, or in contradiction 

to the institutional objectives. Fligstein (2001) argued that a “new institutionalist” approach 

explains the local orders based on the social skills of the agents acting within fields, domains, or 

games. Social skills are developed through social actions and practices amongst the agents. 

Therefore, the agents are the ones producing or reproducing local orders. Fligstein’s (2001) new 

institutional model focuses on styles serving the functional or conflictual role of actors within an 

institution. Fligstein’s approach can be applied to describe the divides in the institution of 

knowledge where the agents (researchers, editors, etc.) with controversial approaches on 

theoretical and methodological styles divide the disciplines. The differentiation of styles 

fabricates clusters of topics which either converge or diverge. 

Following Mohr’s and White’s propositions on how to model an institution, I describe the 

topical loci of the sociological field. Mohr and White (2008) argued that institutions are micro 

systems and meso systems establishing a connection of relational symbolic materials within 

fields. In this case study I theoretically describe the mechanism of topic generation at meso 

domains (sociological journals), and I describe how the intellectual landscape of sociology is 

shaped. Also I designed taxonomy of sociological topic structures based on the hermeneutics of 

structural relationality (Mohr and White, 2008). Relationality assigns role structures (agency) 

built upon networks of actors (i.e. editors, reviewers, researchers) within a field (see figure 12). 

Relationality is described as a social network detecting the position of actors, agents or objects 

based on which the structural core can be identified (Mohr and White, 2008).  
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However two reasonable questions can be posed at this point: (1) How does scientific 

knowledge form an institution? (2) Which arrangements hold the institution of knowledge 

together? Relying on the relational and duality model (Mohr and White, 2006), and “new 

institutionalist” model (Fligstein, 2001) I argue that the institution on knowledge consists of 

fields formed by distinct discipline. I focus on the discipline of Sociology where agents (editors, 

reviewers and authors of scholarly articles) interact and fabricate meanings (topics) that reflect 

the global and local orders of the field. All together shape the holistic intellectual landscape of 

sociological knowledge.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 12. An Institutional Design Shaping Sociological Intellectual Landscape 
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Following Mohr’s and White’s (2008) proposition on how to model an institution, 

Bourdieussian theory on fields and practice (see next section), and Wenger’s (2008) 

communities of practice (see next sections), I argue that the sociological published articles are 

artifacts of agency forming the intellectual landscape within the field of Sociology. Within 

scientific fields, authors, editors, researchers form agency interacting and producing sociological 

knowledge based negotiating meanings (topic selections). The production of meaning is 

formalized by topics of published works in mainstream sociological journals. 

Therefore, the topics preferred by the editors, reviewers of established sociological 

journals at the local and global level shape the intellectual landscape of sociology. Figure 12 

below presents schematically the hierarchy and the interaction of agency, meaning and level 

forming the intellectual landscape of the sociological field within the institution of knowledge. In 

the next section of this case study I give an overview of the theoretical substance of field theory, 

theory of practice (Bourdieu, 1984) communities of practice (Wenger, 2008) on institutional 

formation emphasizing the suitability of topic extraction techniques to capture the notion of 

meaning generation in the field of Sociology.  

5.4 Fields and Practices 

Constructing a single theoretical model explaining fields and practices is an extremely 

complex task due to the autonomous and interactive nature of the institutions, fields, spaces, 

agents and practices (Mohr and White, 2004). Based on Bourdieu’s theoretical approach, fields 

and practices are inseparable theoretical elements defining social spaces. Pointing out the 
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classification of fields and practice, one could argue that they are interdependent components 

ensuring the functionality of an institution (Warde, 2004). A continuum of interactions between 

institutions, agency and practice reproduces local orders within the macro structures (Fligstein, 

2001). Following Ennis (1992) and Bourdieu (1988) I argue that sociological knowledge can be 

analyzed as a social field considering topical domains as distinct spaces within the field of 

sociological knowledge. I imply that the theoretical framework of field theory and practice apply 

to the symbolic entities produced by individuals within the space of sociological knowledge, so 

that, ideas, meanings and topics form communities acting as autonomous agents in a given 

institutional space. 

Most categorizations and distinctions of knowledge have become far too schematic 

(Lamont and Fournier, 1992). It has been almost 50 years since Mauss considered all schools of 

thought as “fuzzy,” “futile,” and easily “transgressed” (Lamont and Fournier 1992 p.4). The 

fields of knowledge are constructed by the dominant manifested ideas originated by an internal 

competition among the agents of knowledge production (professors, universities, scientific 

journals, etc.) .They symbolically produce and consume ideas explaining social reality in 

positive and normative settings.  

An esoteric institutional mechanism produces, reproduces and promotes the symbolic 

materials of socially constructed knowledge (Lamont and Fourier, 1992; Ritzer, 1975). 

Membership, communication, interaction and cultural consumption constitute key elements of 

the internal mechanism of knowledge. The process of communicating ideas and philosophies 

classify distinct communities of meaning within the boundaries of a field. That said, the process 
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of meaning production distinguishes the frontiers of unique epistemological entities, and draws 

boundaries based on the selection of methodological and theoretical orientations (Abbott, 2001).  

The institutional mechanisms generating distinctive symbolic meanings are included in 

Bourdieu’s field theory (1993). For Bourdieu fields and practices (praxis) are two inseparable 

elements forming grand theories
4
. Fields are constituted by social spaces, or domains, in which 

agents are involved to a functional form of action (praxis). The structural constructivist 

perspective explains their formation through individuals’ intrinsic consensus of taking action 

(praxis) based on a shared process of socialization. Shared mental images, shared assigned 

meanings to linguistic terms, and shared values and beliefs views over social artifacts are some 

characteristics of habitus. That said, fields are equivalent to institutional spaces where the social 

positions of their agents featured by “cultivated dispositions” (Bourdieu, 1993: p. 121). 

However, they are also autonomous and embedded to social space (Bourdieu, 1966; Walther 

2014).  

Fields also refer to macro structures setting the loci of social spaces. In social fields, 

collectivism is based on shared values and meanings. However, there are no formal rules within 

a field but there is a set of practices and strategies internally inherited by the agents. Henceforth 

fields generate dynamic systems of expectations inherited by the agents who act based on the 

field-specific regulations (Bourdieu 1984; Wacquant, 2011).  

The dialectic between fields and practices is based on the interplay between habitus and 

fields. According to Bourdieu there is a two way, or simply a bi-directional relationship between 

the field and the habitus. Habitus is shaped by Mondus Operanti (method of operation), while a 

                                                 

4
 Grand theories are abstract normative theories systematizing human nature and human conduct (Skinner, 1990). 
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field is the outcome of Opus Operatum (work wrought), which is the normalization of 

procedures through the habitus. Following Bourdieu’s theoretical construct, I consider published 

articles as the artifacts of a routinized process (habitus) reifying concepts and generating 

consensual modes of knowledge (meanings). Based on this assumption, I argue that the interplay 

between habitus and practice are contributing factors in shaping the field of sociological 

knowledge (see figure 13).  

 

 

 

 

 

 

 

 

Figure 13. The Conceptual Association of Fields, Habitus and Communities of Practice 

The formation of a field begins with one fundamental rule; agents must act in their social 
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manifestations (Bourdieu, 1984, 1986; Strand, 2001; Walther, 2014). Figure 14 presents 

Bourdieu’s forms of capital.  

In this study I emphasize the institutionalized, objectivized and incorporated sub-

dimensions of cultural capital supporting my thesis on the structure of the sociological discipline. 

Part of the theoretical framework of my study is based on the interaction between the 

institutionalized (embedded) cultural capital and the objectivized cultural capital (e.g. writings). 

Also habitus is “the strategy generating principle enabling to cope with unforeseen and ever-

changing situations” (Bourdieu, 1977 p. 72). Besides habitus, capital is another primary form of 

distinction. 

 

Source: Based on Walther’s description of Bourdieu’s capital (2014; p.11)  

Figure 14. Bourdieu’s Types of Capital 

So far I have argued that the institution of knowledge can be divided into organizational 

fields clustered and fragmented by their agents’ practices. But how can we conceptually define 

practices, and how can we empirically examine them? Wenger’s theoretical contribution can 
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complement the Bourdieussian paradigm of fields and practices. In the following section I 

incorporate Wenger’s theoretical framework of communities of practice with Bourdieu’s field 

theory and theory of practice to expand the notion of meaning generation, and how it can be 

produced in the scientific fields. 

5.5 Communities of Scholars 

Following Wenger’s (2008) theoretical scheme, I argue that scholars and social 

researchers publishing in academic journals form a community of practice. They reify ideas and 

concepts transforming them into topics. The thematic selections of each article could be seen as 

contributing factors fracturing or solidifying a field. 

For Wenger the concept of meaning is a product of negotiation among participants within 

a community. The process of negotiation of meaning is based on a “mechanical realization of a 

routine or a procedure” (Wenger, 2008, p.52). Also negotiation of meaning refers to the product 

of exchange of material and nonmaterial products. It consists of a continuous action, constant 

interaction, functional or conflictual interpretations, and of gradual achievements. Although the 

negotiation of meaning applies to all modes of human interactions, i.e. language schemes, 

scripts, gestures, and social relations, for Wegner, there is no priori meaning. Meaning is an 

elusive concept with high levels of abstraction evolving in the space of knowledge. In simplistic 

terms, meaning can be viewed as an intangible socially constructed entity objectified by social 

artifacts or other types of human activity (Wegner, 2008).  

Wenger argued that the production of meaning is a result of a process of interchange 

between participation and reification. Participation is defined as an individual’s effort to take part 
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and contribute to a collective (group) activity. It presumes involvement in practices serving the 

group’s objectives. Participation applies not only to a functional (harmonious) state, but also to a 

conflictual one. According to Wenger (2008), part of human experience is to act and interact 

with others, and to engage in a series of collective activities. Participation requires membership, 

and consensual modes of comprehension, expression, and interpretation. In Bourdieu’s 

perspective, participation is a precondition of agency, where an individual, or a symbolic product 

becomes a member of a community construed by habitus. The theoretical model of Wenger’s 

communities of practice implicitly refers to Bourdieu’s practice and habitus. For Wenger 

participation is a dynamic process of negotiation of meaning. Therefore Wenger’s approach on 

participation refers to a dynamic habitus which constructs a meaning generation mechanism. 

Reification is the second crucial element forming the communities of practice. Wenger’s 

conceptual approach on reification refers to the “process giving form to experience by producing 

objects that congeal this experience into thingness” (Wenger 2008, p.58). Via reification, abstract 

symbolic entities are transformed into tangible entities. The process involves an array of 

practices including encoding, decoding, interpreting, perceiving, and describing a situation, an 

idea or thought. The tangible outcome yields with the production of scripts, conversations, 

historical records, speeches, journal articles and more. It forms consensual attributions based on 

an array of routinized practices. Revisiting Bourdieu’s theoretical framework, and applying the 

conceptual scheme of the communities of practice, I maintain that the two frameworks are 

complementary. The objectivized cultural capital, and reification produce mental images, ideas 

and words transformed into tangible entities via agents’ practices (i.e. journal articles)(see Figure 

17). 
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Sociologists who participate in research endeavors develop communities of practice. 

Participants of these communities publish their ideas in journal articles. Journal articles consist 

of topical repertoires shaping the landscape of sociological knowledge. Within the communities 

of practice the notion of meaning is based on the expression of knowledge satisfying the 

condition of reification. As I discussed earlier in this section, meaning is created by the cycles of 

participation and reification, where participation is justified by professional activities and 

reification are the symbolic entities specifying meanings and ideas (see figure 17). That said, the 

field of sociological knowledge is organized by collective arrangements forming communities of 

scholars producing central thematic entities (topics) published in vanguard journals and 

academic publishing organizations.  

So far, I have presented relevant literature supporting my argument that the discipline of 

sociology can be approached as a field within the institution of knowledge. I argued that 

sociology is a unique field
5
 where the artifacts of the agents of sociological knowledge 

(sociological journal articles) form communities of practice producing meanings (topical 

structures). In the next section I extend the notion of sociological knowledge by discussing the 

mechanism forming convergent and divergent topical structures in the field of sociology at local 

and global levels.  

                                                 

5
 Moody and Light (2006) described Sociology as the “Queen of Sciences” due to its multidisciplinary coverage of 

topics involved to its analysis.  
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5.6 Fractal Divisions in the Sociological Field 

Experts of the Sociology of knowledge have argued that the topical structure of sociology 

is shaped by volatile topical patterns. (Abbott, 2001; Harty and Shove, 2004). Becker and Trower 

(2001), and Abbott (2001) devoted a large portion of their research endeavors to describe the 

intellectual landscape of Sociology. Abbott (2001) argued that a consistent fractural continuum 

establishes topical distinctions contributing to the evolution of the field. Abbott stated that even 

though the peripheral topics appear to change over time, the topics theory and methods are the 

milestones of the topical structures within the field. Following a similar standpoint, Lamont and 

Fournier (1992) argued that the boundaries in sociological theory within a discipline are 

equivalent to the boundaries formed in social life (Lamont and Fournier, 1992). 

Predictions with regards to the evolution of the sociological landscape remain 

controversial among scholars. Abbott (2001) predicts radical topical shifts widening the gap of 

the thematic divisions within the sociological field, while Heilbron (2013), Meter and Saint 

Leger (2014) argue that a uniform globalized topic structure will shape the sociological 

intellectual landscape. The first supports thematic fractures (divergence), while the second points 

out homogeneous topical structures at a transnational scale.  

While modern approaches on knowledge production demonstrate the vital role of 

government, industry and academic interaction (Etzkowitz and Leydesdorff, 1995), in this case 

study I focus on the dimension of the interaction between the agents of social knowledge via 

published works in major journals. Shiffrin and Borner (2004,) and Moody and Light (2006) and 

Winson-Geideman and Evangelopoulos (2013) used different techniques to describe the topical 

landscape of the fields. Follow Winson-Geideman and Evangelopoulos (2013), I use latent 
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semantic analysis to extract topics fabricated by the agents of sociological knowledge. Then I 

map the topical structure visualizing the topic clusters published in 8 sociological journals in the 

last forty years. Also I look for evidence of concurrent topical preferences at a transnational 

level. I expect that some topics will hold consistent high publication rates between major 

American and British journals, while have deteriorating patterns over time (Abbott, 2001). To be 

more specific I expect that topics such as theory and methods will have a consistent high 

publication rates while other secondary topics signifying specialties will be have more volatile 

unstable publication rates over time. Also by using the cross national comparison of publication 

rates of the major journals, I test for equivalent topical structures between the American and 

British sociological intellectual landscape.  

Finally, an applied research study conducted by Meter and Saint Leger (2014) employed 

a link analysis and word co-occurrence based to explore the intellectual landscape of Sociology. 

The authors seek evidence of topic centrality, described the network of themes, and compared 

the topic preference at the international level. They analyzed more than 8,000 presentations took 

place in 2004, 2006 and 2009 at the French Sociological Association (AFS), German 

Sociological Association (DGS) and the American Sociological Association (ASA) meetings. 

They found that the AFS and the ASA share similar contributing topics in comparison to DGS. 

That is, the contribution of major keywords used in texts derived from the ASA and AFS 

indicate high resemblance. However major keywords used in DGS appear more contrasting to 

the other two. The authors concluded that their study lacks of a theoretical “backing” with 

regards to the institutional formation of national sociologies. In the next subsection I summarize 

my research questions of this case study serving the general scope of this dissertation.  
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5.7 Case Study II: Research Questions  

The purpose of this case is to illustrate the contribution of topic extraction techniques to 

the sociological interpretations of big data. My case study employs LSA, PI and CA to describe 

the intellectual landscape of Sociology addressing the following questions. 

1. Can topic extraction techniques describe the intellectual landscape of sociology? 

2.  What topics appear to contribute the most to the division of the intellectual landscape in 

Sociology across the American and British journals?  

3. What are the bridging topics across the American and British journals?  

5.8 Data Collection 

I analyze the textual contents of the abstracts of all articles published in four American, 

and four British sociological journals for the time period 1974-2013. To demonstrate the 

suitability of topic extraction techniques describing the sociological intellectual landscape, I 

apply a hybrid method consisting of LSA, PI, CA and trend analysis.  

I selected 8 major journals (four American and four British), and scraped the textual 

content of the abstracts published within the period 1974-2013. The criteria of my journal 

selection were based upon the openness of each journal to invite articles from all sociological 

specialties. Also the impact factor
6
 in the past three years was another determinant of my journal 

selection to be included in my dataset. The American journals included in my analysis are the 

                                                 

6
 According to SCImago Journal and Country Rank, “A high Impact Factor number is an indication that articles 

published in this journal are on average cited more frequently than those in a journal with a low Impact Factor.”  
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following: the American Sociological Review (ASR), the American Journal of Sociology (AJS), 

the Annual Review of Sociology (ARS), and the Social Forces (SF). Also the British Journal of 

Sociology (BJS), the European Sociological Review (ESR), the Sociology (SOC), and the 

Sociological Review (SRV), are the British journals where I collected data from. In the next 

paragraph I provide brief information of each journal from which the textual content of the 

abstracts were drawn.  

Table 11 

Journals Acronyms, Country of Origin and Impact Factors7
 

Journal Abbreviations Country 

of Origin 

Articles’ 

Count 

Impact Factor 

(2013)* 

Total Citations 

(last 3 years) 

American Journal of 

Sociology 

 

AJS U.S. 1669 5.175 482 

American 

Sociological Review 

 

ASR U.S. 2359 5.488 664 

Annual Review of 

Sociology 

ARS U.S. 815 5.801 521 

Social Forces 

 

SF U.S. 2225 1.598 351 

British Journal of 

Sociology 

 

BJS U.K. 1207 1.246 254 

European 

Sociological Review 

 

ESR U.K. 798 2.387 432 

Sociological Review 

 

SRV U.K. 1202 0.847 179 

Sociology SOC U.K. 1518 1.287 422 

 

N=11,793      

 

                                                 

7
 Source: SC Imago Journal & Country Rank. http://www.scimagojr.com/ 

 

http://www.scimagojr.com/


92 

 

Founded in 1936, ASR is the leading sociological journal worldwide in the number of 

citations (see impact factors in table 11). The journal’s mission is to publish high quality 

sociological works of all sociological domains without any topic restrictions. AJS is the oldest 

sociological journal in America as it was found in 1895 at the University of Chicago. It is 

considered the landmark journal of the American Sociology publishing works with major 

theoretical and methodological contributions in the field. According to the measures of publicity, 

the AJS is the second most cited sociological journal in the world. ARS is the third American 

sociological journal used in my analysis. ARS has published significant works in the field, and 

its contribution is justified by its very high impact factor. Found in 1975, ARS has published 

works of remarkable contributions in theory, methods, economic sociology, political sociology, 

social movements and other subfields. Finally SF is the fourth American sociological journal 

where I collected data from. SF is a well-established sociological journal with an 

interdisciplinary approach. SF is a well-established sociological journal with an interdisciplinary 

approach. SF was found in 1922, and is currently affiliated with the University of North Carolina 

at Chapel Hill. It is a multi-disciplinary journal missioned to published high quality works in the 

discipline  

The British journals I included in this study consist of ESR which publishes cutting-edge 

research on quantitative and comparative studies, BJS which is a prestigious highly ranked 

journal, SOC which is a mainstream international journal publishing works on theoretical and 

methodological innovative studies and the SR which is the most traditional British sociological 

journal presenting very high volume of citations worldwide.  
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I collected the textual content of most abstracts from the EBSCOhost online research databases. I 

scraped a total of 11,793 abstracts by employing widely used commercial scraping software 

called Helium Scraper. Helium Scraper is a semi-automatic scraping device requiring minimum 

manual coding collecting and organizing unstructured textual data. The use of Helium Scraper 

facilitates the process of textual scraping of web content performing well performing under 

multiple web page formats.  

Table 12 

A Sample of the Dataset; Journals, Titles and Abstract  

Article ID Title Abstract 

AJS 0022 Family Structure 

and 

Socialization 

Patterns in 

Taiwan. 

A social structural analysis is applied to examine the effects of three-generation 

family living on child socialization. The most relevant, and generalizable, feature 

of life in a three-generation family is conceptualized as the mother’s subordination 

to her mother-in-law. Data from an interview study of Taiwanese mothers support 

the idea that persons who work under the direction of someone else… 

  

ASR 0413 Social Learning 

and Deviant 

Behavior: A 

Specific Test of 

a General 

Theory.  

A social learning theory of deviant behavior is tested with survey data on 

adolescent drinking and drug behavior. The theory is strongly supported. The 

major explanatory variables from that theory, differential association, differential 

reinforcement, definitions, and imitation corn bine to account for 68% of the 

variance in marijuana use (39% of abuse) and 55% of the variance in alcohol use 

(32% of abuse) by adolescents… 

 

ARS 0774 Making a Place 

for Space: 

Spatial Thinking 

in Social 

Science. 

New technologies and multilevel data sets that include geographic identifiers have 

heightened sociologists’ interest in spatial analysis. I review several of the key 

concepts, measures, and methods that are brought into play in this work and offer 

examples of their application in a variety of substantive fields. I argue that the most 

effective use of the new tools requires greater emphasis on spatial thinking… 

 

SF 0003 Early 

Motherhood, 

Accelerated 

Role Transition, 

and Social 

Pathologies. 

Every society prescribes the timing of critical events in the life cycle, such as 

those attending motherhood. Patterns of role transition at variance with social 

prescriptions should produce role stress. Thus, when the adult roles associated 

with motherhood are activated too early in a woman’s life cycle, stress and 

resultant social pathologies should be generated in the family. This study 

employs national survey data, finding that early motherhood, a form of 

accelerated role transition… 

 

BJS 1116 Darfur and the 

European Court 

of Human 

Rights. 

The article examines litigation before and judgments of the European Court of 

Human Rights (ECHR) related to genocide and other crimes against humanity, 

focusing on the possible application of those judgments to refugees from the 

Darfur conflict in Sudan. Judgments of the ECHR which forbid United 

Kingdom and Austria from repatriating immigrants and illegal aliens who the 

court ruled had a risk of inhumane treatment in their countries of origin are 

discussed… 
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After I collected and organized the 11,793 abstracts, I performed a few basic cleaning 

procedures including spell-checks and word substitutions. Word substitutions are very crucial for 

LSA because it prevents double counts of identical words written in British with American-

English language. Finally I organized the dataset in a spreadsheet sorted by the year month, 

volume, issue of the publication and journal title. A sample of the final version of my dataset as 

it appears in the spreadsheet is shown at table 12. 

Figure 15 shows the distribution of all published abstracts by journal. The final dataset 

consists of 11,793 abstracts from which 1,669 were published in AJS (impact factor=5.175), 

2,359 in ASR (impact factor=5.488), 815 in the ARS (impact factor=5.801), 2,225 in SF (impact 

factor=1.598), 1,207 in BJS (impact factor= 1.246), 798 in ESR (impact factor=2,387), 1,518 in 

the SOC (impact factor=1.287) and 1202 in SR (impact factor=0.847).  

 

 
 

Figure 15. Descriptive Statistics, Abstract counts by Journal  
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5.9 Methods and Findings 

Analyzing the textual data, I employ a hybrid method consisting of LSA, PI CA, and 

Trend Analysis. In chapter 3 of this dissertation I extensively discussed the technical details of 

LSA and CA, while in my first case study I presented the PI technique. As of the trend analysis 

technique it is a type of longitudinal analysis that tracks changes of numerical data over time. It 

is a descriptive tool identifying patterns, and shifts over time detecting the progression of values 

over time (Babbie, 2013). 

I extracted the topics of my textual dataset using LSA. LSA is a text analytic method that 

uses estimation procedures identifying and extracting terms from large textual samples 

(Evangelopoulos, 2013; Pilato and Vassallo, 2014). Also I employed Zhu’s and Ghodsi’s (2006) 

dimensionality detection test, and I extracted 20 dimensions (topics) describing the entire textual 

content of the published abstracts. LSA analytic procedures were entirely executed in SAS 

Enterprise Miner. Figure 16 presents a step by step illustration of LSA procedure in SAS 

Enterprise Miner environment. The first step is to import the data file (SOCI 11,793), then SAS 

performs text parsing, which is simply the process of taking apart a word, or a set of words 

assigning a string length of the characters to be extracted so as to avoid multiple counts of 

identical terms. For instance the terms sociology, sociological, sociologically could be parsed 

and extracted as a single unique term soci, which denotes a direct association with sociology.  

 

 
Figure 16. An example of the LSA Procedure in SAS Enterprise Miner  

 

SOCI 11793 Text Parsing Text Filter Text Topic 
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Also SAS provides a list of 398 multi-word terms, a list of synonyms that can be 

customized, and a stop list containing 509 trivial English words that should be discarded in the 

process of the topic extraction. In this case study I modified the SAS default synonyms’ list, and 

the stop-words list. For the synonym word-list, I substituted all words written using British 

spelling to American spelling words (i.e. labour = labor). Also I added 215 words to the 509 stop 

list words. The final stop list words consist of 724 words. The next step of the analysis involved 

text filtering. Text filtering is based on a several weighting methods aiming to “penalize” the 

most frequent words appearing in the text, and to increase the importance of unique terms. There 

are several text filter techniques used in topic extraction (i.e. Log Entropy, Term Frequency- 

Inverse Document Frequency). For my analysis I used the term frequency- inverse document 

frequency (tf-idf) as a weighting method. After performing the text filtering functions in SAS, I 

proceeded to the execution of Singular Value Decomposition (Factor Analysis) and varimax 

rotations. Both were automatically executed in SAS. The next step involves labeling the topics 

extracted.  

Based on LSA output in SAS Enterprise Miner, and relying on the panel of experts on 

labeling the unique dimensions (topics), I organized the textual content of all abstracts for the 

time period from 1974 to 2013 signifying the following underlying dimensions (a sample of the 

extracted terms appear in parentheses) labeled as: Theory (theory, concept, Weber, etc.), Social 

Class (class middle, position, etc.), Gender (gender, woman, female, etc.), Family (parent, 

mother, divorce, child, etc.), Race (black, white, racial, segregation, etc.), Income Inequality 

(inequality, income economic, income inequality, etc.), Education (school, educational, student, 

etc.), Social Movements (social movement, protest, organization, etc.), Occupation and Mobility 
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(mobility, occupation, origin, etc.), Networks and Power (network, exchange, power, etc.), 

Religion (religious, church, belief, etc.), Labor (labor, job, market, etc.), Health (health, life, 

identity, etc.), Immigration (ethnic, immigrant, labor, etc.), Status (occupational status, 

attainment, exchange, etc.), Crime (crime rate, violence, criminal, etc.), Aging/Suicide (Age, 

woman, suicide, etc.), Labor (labor, capital, household, etc.), and Political Sociology( party, 

policy, political, etc.). 

Table 13 

SAS Enterprise Output: Document and Terms Count, and Topic Labels.  

Terms Term Counts Document 

Counts 

Topic Labels 

model +variable +effect data +measure" 239 1550 Methods 

theory sociological +science +concept+weber 321 1803 Theory 

class +social class middle +middle class position 75 799 Social Class 

woman +gender +sex +female +difference 124 1149 Gender 

child +parent +mother +divorce +father 129 785 Family 

black +white racial +segregation +neighborhood 134 910 Race 

inequality +income economic +income inequality 

+country 

148 976 Income Inequality 

school +educational +student +education +attainment 143 905 Education 

+movement +social movement +organization +protest 

political" 

123 795 Social Movements 

mobility +occupational+ social mobility+ 

intergenerational +origin 

95 572 Occupation and Mobility 

network +exchange +power +capital +tie 173 948 Networks and Power 

religious +religion +belief +church religiosity 130 594 Religion 

labor +market +worker +job +work 154 1348 Work and Labor 

identity health +people +life +work 282 1438 Health 

ethnic +immigrant +labor +market +identity 165 880 Immigration 

status occupational +power +exchange attainment 221 1161 Status 

crime +rate +violence +criminal +theory 161 753 Crime 

marriage +woman +age +rate +suicide 201 1354 Aging/Suicide 

family +capital +household +migration +labor 142 926 Family 

 political +policy welfare+public+party 216 1395 Political Sociology 
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Table 13 above presents the labels with a selected sample of terms derived by the LSA 

output in SAS Enterprise Miner including the counts of terms and documents of each topic, 

while table 14 presents a selected sample of documents that are most relevant to the topics of 

Theory and Methods. The table includes the article IDs, the titles and the topic loadings. A very 

interesting indication derives from the analysis so far. It appears that articles published in the 

American journals load high on Methods and very low on Theory, while, British articles show a 

preference in Theory. Also it appears that there is a trade off in the preference between the two 

topics. That is, articles that load very high in Methods appear to load really low on Theory and 

vice versa. There is an indication of divisive preferences on Theory and Methods across the 

published abstracts.  

Table 14  

A Sample of Abstracts that Load High on Methods and Theory 

Article ID 

(County) Title  

Methods 

Loading 

Theory 

Loading 

    

SF2020 (US) A General Panel Model with Random and Fixed Effects: A 

Structural Equations Approach. 

 

0.412 0.025 

ASR0802 (US) Regression Models with Ordinal Variables. 

 

0.38 0.056 

AJS0499 (US)  Racial Insurgency, the State, and Welfare Expansion: A Critical 

Comment and Reanalysis 

. 

0.36 0.072 

ARS0590 (US) Panel Models in Sociological Research: Theory into Practice. 

 

0.346 0.042 

SOC0057 (UK) Sociological Theory in Britain: A Critical Comment on David 

Morgan’s “British Social Theory.” 

  

0.001 0.316 

BJS0146 (UK) The diffusion of nationalism: some historical and sociological 

perspectives. 

 

0.02 0.307 

SRV0516 (UK) Renegotiating the domestic division of labor? A study of dual 

career households in north east and south east England. 

 

0.002 0.278 

ESR0165 (UK) Rational Choice, Empirical Research, and the Sociological 

Tradition. 

0.025 0.192 
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After extracting the topics I organized my dataset by journals’ country of origin. Figure 

17 presents the distribution of published abstracts’ counts of each topic in the American and the 

British journals. Evidently there is a disproportion of publication counts derived by the unequal 

volume of publications in the two countries. That is, overall the four American journals included 

in my dataset appear to publish at a higher volume than the British ones. Considering the 

difference of the frequency of publications between the U.S. and the U.K., I standardized the 

counts of all published articles presenting the publication rates for each topic. 

 

Figure 17. Abstracts’ Counts of Extracted Topics by Country 

Figure 18, reveals that the publication rates of a few topics appear to be equally preferred, 

while others develop a topic selection gap. Evidently, American journals are publishing at a 

higher rate on the topics, Methods, Race, Crime, and Aging/Suicide at a much higher rate than 

the British journals. On the other hand, British journals show higher preference on Theory, 

Health, Methods and Social Class.  
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Figure 18. Abstracts’ Percentage Distribution of Extracted Topics by Country  

 

First I constructed a contingency table showing the publication counts and the percentage 

rates of topics (dependent variable-rows) by origin (independent variable- columns). A few 

assumptions must be considered before conducting the χ² tests. First the variables of the model 

must be categorical, the sample of my data must be selected randomly from a known population, 

the population must be at least ten times larger than its respective sample, and each attribute 

must have at a minimum five observations. The hypotheses are stated are following: I develop 

the null and the research hypotheses as: 

H0: Topic distribution is not significantly different across the British and the American journals 

(case of independence).  

H1: Topic distribution is statistically different across the British and the American journals case 

of dependence).  
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Table 15 

Cross Tabulation; Topic by Origin 

Topic ID Topics U.S.-obs (%) U.K.-obs (%) U.S.-exp (%) U.K.-exp (%) 

Row 

Margins 

T01 Methods 1286 (10%) 264 (3%) 983.7 (7%) 566.3(7%) 1550 

T02 Theory  779 (6%) 1024 (13)% 1144.3 (9%) 658.7 (9%) 1803 

T03 Social Class 301 (2%) 498 (6%) 507.1 (4%) 291.9 (4%) 799 

T04 Gender 652(5%) 497 (6%) 729.2 (5%) 419.8 (5%) 1149 

T05 Marriage 492 (4%) 293 (4%) 498.2 (4%) 286.8 (4%) 785 

T06 Race 826 (6%) 84 (1%) 577.5 (4%) 332.5 (4%) 910 

T07 Income Inequality 683 (5%) 293 (4%) 619.4 (5%) 356.6 (5%) 976 

T08 Education 554 (4%) 351 (5%) 574.4 (4%) 330.6 (4%) 905 

T09 Social Movements 603 (5%) 192 (2%) 504.6 (4%) 290.4 (4%) 795 

T10 Occupational and Mobility 325 (2%) 247 (3%) 363.0 (3%) 209.0 (3%) 572 

T11 Social Networks and Power 738 (6%) 210 (3%) 601.7 (5%) 346.3 (5%) 948 

T12 Religion 401 (3%) 193 (2%) 377.0 (3%) 217.0 (3%) 594 

T13 Labor 837 (6%) 511 (7%) 855.5 (6%) 492.5 (6%) 1348 

T14 Health  510 (4%) 928 (12%) 912.6 (7%) 525.4 (7%) 1438 

T15 Immigration  538 (4%) 342 (4%) 558.5 (4%) 321.5 (4%) 880 

T16 Status 876 (7%) 285 (4%) 736.8 (6%) 424.2 (6%) 1161 

T17 Crime 615 (5%) 138 (2%) 477.9 (4%) 275.1 (4%) 753 

T18 Aging/Suicide 934 (7%) 420 (5%) 859.3 (6%) 494.7 (6%) 1354 

T19 Family 554 (4%) 372 (5%) 587.7 (4%) 338.3 (4%) 926 

T20 Political Sociology 850 (6%) 545 (7%) 885.4 (7%) 509.6 (7%) 1395 

Column 

Margins 

 

13354 (100%) 7687 (100%) 13354 (100%) 7687 (100%) 21041 

 

The calculation of the χ² statistic involves the calculation of the expected frequencies 

(Fe). To obtain the expected frequencies I multiply the row and column margins for a given cell 
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and divide the product by the total number of cases in the table. So the formula can be 

summarized as following: 

𝑓𝑒 =
(Column Marginal)×(Row Marginal)

N
 (11) 

Table 15 (see columns 6 and 7) shows the expected frequencies (fe) of each topic across 

the journals country of origin. After finding the expected frequency for each cell, I obtain the χ² 

statistic for each cell and I added them up to determine whether or not there is an overall 

statistical relationship between the two variables. The test statistic summarizes the differences 

between the observed (fo) and the expected (fe) frequencies in a bivariate table.  

 

In mathematical notations the formula of the χ² is stated as,  

χ² = ∑
(fe−fo)²

fe
 (12) 

 

I find that the χ²= 1985.83, however before drawing any conclusions for statistical 

dependence, the critical value of the χ² must be determined. The degrees of freedom (df), which 

is calculated based on the number of attributes (rows and columns) of the independent (rows), 

and the dependent variables (columns) of the model, is obtained by df= (r-1)*(c-1) where r 

indicates the number of rows and c the number of columns. 

I find that the df= (20-1) × (2-1) = 19. From the χ² distribution table, I obtain the critical 

value of the χ²= 30.144 at alpha=0.05. So I can conclude that the distribution of topics is highly 

dependent on the journals’ country of origin. Being more specific, there is a highly significant 

(p≤0.000) statistical dependence between topics and country at α=0.05 . Therefore the selection 

of topics of the articles published in the U.S. and in the U.K. appears to be significantly different.  
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At this stage of my analysis, I employ a more sophisticated technique to specify which 

the topics contributing more in the topical divisions in the sociological intellectual landscape. I 

employ a polarization detection technique PI. 

The PI calculations are based on an iterative series of χ² tests denoting the dependence of 

each topic to the journals’ country of origin. The computational process of the PI is based on a 

multiple estimations of χ² values of each of the attributes of the variable topics where for each 

iteration, the most contributing attribute, that is, the one with the highest χ² value, is excluded 

from the next series of computations. In mathematical notations,  

𝑃𝐼𝑘 = ∑
𝑂𝑖𝑘−𝐸𝑖𝑘

𝐸𝑖𝑘
𝑖 , i= 1 to 2, k=1 to 20, (13) 

where Oik is the observed counts of the abstracts published in country i, addressing topic k, and 

Eik is the expected count of the abstracts under the assumption of independence between the 

abstracts’ count in a country for each given topic. PIk follows a χ² distribution with (r-1) ×(c-1) 

degrees of freedom, where r is the number of the extracted topics (r=20), and c is the number of 

countries where the count of abstracts are distributed (c=2).  

Table 16 presents the results of the polarization index analysis. It shows the topic labels 

of the 20 extracted topics, the calculated χ² of each topic, the model’s total χ² in every step of the 

iteration, the critical values, the degrees of freedom, the description of the topic (divisive vs. 

bridging, and the country showing a higher preference on each topic. The PI computations are 

based on the χ² test of individual topics. As I mentioned previously, the χ² test reveals the level of 

dependence of the distribution of attributes of a dependent variable across the categories of an 

independent variable. 
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Table 16 

Polarization Index Findings: Divisive and Bridging Topics 

Topic Labels χ² Total χ² Critical χ² 

(at 0.05) 

df Description Preferred  by 

Health  486.24 1985.83 30.144 19 divisive U.K. 

Theory 397.41 1501.84 28.869 18 divisive U.K. 

Social Class 331.68 1107.49 27.587 17 divisive U.K. 

Race 198.69 786.02 26.296 16 divisive U.S. 

Methods 160.03 566.61 24.996 15 divisive U.S. 

Crime 78.94 386.51 23.685 14 divisive U.S. 

Networks and Power 63.56 303.44 22.362 13 divisive U.S. 

Status 59.44 238.86 21.026 12 divisive U.S. 

Social Movements 51.84 181.90 19.675 11 divisive U.S. 

Religion 55.62 133.44 18.307 10 divisive U.S. 

Aging/Suicide 25.13 77.24 16.919 9 divisive U.S. 

Income Inequality 30.44 47.82 15.507 8 divisive U.S. 

Gender 6.15 13.51 14.067 7 bridging U.S./U.K. 

Occupational 

Mobility 

4.06 6.35 12.592 6 bridging 

 

U.S./U.K. 

Marriage 0.41 0.92 9.488 4 bridging U.S./U.K. 

Labor  0.29 0.44 7.815 3 bridging U.S./U.K. 

Political Sociology 0.01 0.021 5.991 2 bridging U.S./U.K. 

Immigration 0.001 0.0006 3.841 1 bridging U.S./U.K. 

Education 0 0 3.841 0 bridging U.S./U.K. 
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 Keeping in mind that the PI value equals to the χ² obtained value, in my analysis higher 

χ² values indicate higher level of dependence of each topic on the articles’ country of origin. In 

other words, the higher PI scores indicate divergence on topics preference among the American 

and British articles. On the contrary, low PI scores reveal similarity of topical preference across 

the American and the British articles. Based on the results of the PI computation, Health appears 

to be the most divisive topic. That is, British journals show higher preference publishing articles 

related to the topic of Health than the American journals do. Similarly British journals, in the last 

40 years, appear to publish comparatively at a higher rate in the topics of Theory and Social 

Class. 

 

Also the American journals seem to favor the topics Race, Methods, Crime, Networks and 

Power, Social Status, Social Movements, Religion, Aging/Suicide, and Income Inequality. Finally 

American and British journals show identical relative preference publishing in topics associated 

with Gender, Occupational Mobility, Family, Marriage, Labor, Political Sociology, 

Immigration, and Education.  

In the next of my analysis I map the intellectual landscape of sociology using. To do so I 

employ a technique suitable to visually present the relationship between the topics and the 

journals’ country of origin. CA is a bivariate and multivariate technique analyzing, and visually 

displaying the dependencies of categorical variables. CA determines the significance of the 

dependencies based on the χ² distribution, and it detects the most important dimensions 

explaining the highest levels of variability. Dimensionality detection is determined by the value 

of inertia which is computed by the fraction of the eigenvalues of axis y and x (the two axis 
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represent the most significant components where the data is distributed), and the trace (in CA the 

trace equals to the χ² statistic).  

Table 17 

Row Profiles: Topic by Journal, American vs. British Journals  

 American Journals British Journals  

Topic Labels AJS 

counts 

(%) 

ARS 

counts 

(%) 

ASR 

counts 

(%) 

SF 

counts 

(%) 

BJS 

counts 

(%) 

ESR 

counts 

(%) 

SOC 

counts 

(%) 

SRV 

counts 

(%) 

Row Margins 

Methods 304 

(10%) 

87 

(6%) 

509 

(11%) 

386 (9%) 45  

(3%) 

140 (7%) 49  

(2%) 

30 (2%) 1550 

 

Theory  208 (7%) 218 

(15%) 

229 (5%) 124 (3%) 327 

(18%) 

24 (1%) 367 

(16%) 

306 

(18%) 

1803 

Social Class 89  

(3%) 

28 

(2%) 

117 (2%) 67  

(2%) 

141 (8%) 80 (4%) 188 (8%) 89 (5%) 799 

Gender 115 (4%) 49 (3%) 236 (5%) 252 (6%) 88 (5%) 129 (7%) 163 (7%) 117 

(7%) 

1149 

Marriage 78 (3%) 49 (3%) 174 (4%) 191 (4%) 33 (2%) 92 (5%) 91 (4%) 77 (5%) 785 

Race 171 (6%) 47 (3%) 262 (6%) 346 (8%) 20 (1%) 17 (1%) 26 (1%) 21 (1%) 910 

Income Inequality 
 

130 (4%) 65 (5%) 267 (6%) 221 (5%) 60 (3%) 181 (3%) 33 (9%) 19 (1%) 976 

Education 107 (4%) 40 (3%) 201 (4%) 206 (5%) 75 (4%) 136 (7%) 70 (3%) 70 (4%) 905 

Social Movements 

 

152 (5%) 100 (7%) 213 (5%) 138 (3%) 49 (3%) 19 (1%) 63 (3%) 61 (4%) 795 

Occupational 

Mobility 

 

81 (3%) 23 (2%) 125 (3%) 96 (2%) 59 (3%) 101 (5%) 68 (3%) 19 (1%) 572 

Networks and Power 

 

226 (8%) 74 (5%) 265 (6%) 173 (4%) 44 (2%) 44 (2%) 68 (3%) 54 (3%) 948 

Religion 63 (2%) 31 (2%) 128 (3%) 179 (4%) 79 (4%) 33 (2%) 45 (2%) 36 (2%) 594 

Labor 202 (7%) 84 (6%) 321 (7%) 230 (5%) 78 (4%) 193 
(10%) 

136 (6%) 104 
(6%) 

1348 

Health 95 (3%) 125 (9%) 146 (3%) 144 (3%) 181 

(10%) 

46 (2%) 385 

(17%) 

316 

(19%) 

1438 

Immigration  113 (4%) 67 (5%) 161 (3%) 197 (5%) 68 (4%) 149 (8%) 79 (4%) 46 (3%) 880 

Status 205 (7%) 49 (3%) 326 (7%) 296 (7%) 67(4%) 127 6%) 56 (3%) 35 (2%) 1161 

Crime 119 (4%) 43 (3%) 212 (5%) 241 (6%) 63 (4%) 23 (1%) 31 (1%) 21 (1%) 753 

Aging/Suicide 175 (6%) 60 (4%) 323 (7%) 376 (9%) 71 (4%) 213 

(11%) 

74 (3%) 62 (4%) 1354 

Family 105 (4%) 70 (5%) 172 (4%) 207 (5%) 70 (4%) 93 (5%) 113 (5%) 96 (6%) 926 

Political Sociology 180 (6%) 106 (7%) 321 (7%) 243 (6%) 173 
(10%) 

135 (7%) 130 (6%) 107 
(6%) 

1395 

 

Column Margins 

 

2918 

 

1415 

 

4708 

 

4313 

 

1791 

 

1975 

 

2235 

 

1686 

 

21041 

 

 

The first step creating correspondence topic maps is to form a contingency table 

presenting the distribution of topics in the British and American journals. Part of correspondence 
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analysis is to evaluate row, column and row/column profiles. In row profile analysis, row 

(topics) coordinates are detected based on the weighted centroids of column coordinates. The 

column profiles are displayed as coordinates of the weighted centroids of row coordinates. 

Finally, row/column profiles display the combination of coordinates between the row and 

columns profiles (Lee, B. L., 1996). My analysis is based on the distribution of topics across 

journals. The significance of dependencies between the row and the column profiles can be 

detected the correlation coefficient equals to the square root the trace.  

Table 17 shows how the topics are distributed across journals by country. Some topics 

appear to be distributed proportionately, while others are dispersed. For instance, the range of 

publication rate of topic Methods in the U.S. is 6% to 11%, while in the U.K. journals that range 

is between 2% and 7%. Evidently Methods is a more preferred topic across the American, than 

the British journals.  

Table 17 points out that the topics Health, Theory and Social Class seem to have higher 

publication frequencies in the British journals, while Methods, Race and Crime are more 

preferred topics among the American journals. 

At this stage of my analysis, I used Minitab to estimate the χ² distances of the topic-by-

journal, and I found significant differences in the distribution of topics among journals 

(χ²=4417.48).Table 18 presents the χ² distances for each topic across the AJS, ARS, ASR and SF 

(American journals), and BJS, ESR, SOC and SRV (British journals).  

At this point I have to determine whether topic profiles (rows) are significantly dependent 

on journal profiles (columns). To do so I have to find the value of the correlation coefficient or 

simply the square root of the trace. The trace is assessed by the sum of eigenvalues of all 
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components in the model. So if the square root of the sum of the eigenvalues of the model is 

higher than 0.2, then there is a clear indication of significant dependency between the topic and 

journal profiles (Bendixen, 2003). In my analysis, for all seven detected dimensions, √Trace 

=√0.21 =0.46, indicating significant dependencies between topic and journal profiles. 

Table 18 

Correspondence Analysis, Χ² Distances 

 Topic Labels U.S. Journals U.K. Journals   

 AJS ARS ASR SF BJS ESR SOC SRV χ² Total 

Methods 36.89 2.85 75.84 14.67 57.28 0.21 81.23 71.45 340.41 

Theory  7.07 77.20 75.42 163.18 196.21 124.64 160.79 180.59 985.11 

Social Class 4.29 12.32 21.35 57.19 78.33 0.33 125.32 9.74 308.88 

Gender 12.34 10.34 1.73 1.15 0.98 4.15 13.74 6.75 51.19 

Marriage 8.75 0.27 0.02 5.63 17.12 4.55 0.70 3.16 40.19 

Race 15.90 3.29 16.74 136.33 42.62 54.80 51.66 36.97 358.31 

Income Inequality 0.21 0.01 10.82 2.19 6.41 87.22 48.18 44.82 199.86 

Education 2.73 7.15 0.01 2.26 0.05 30.68 7.10 0.09 50.08 

Social Movements 15.81 40.51 6.93 3.82 5.15 41.46 5.45 0.12 119.24 

Occupational Mobility 0.04 6.22 0.07 3.85 2.18 41.69 0.86 15.71 70.62 

Networks and Power 67.97 1.65 13.18 2.34 16.69 22.74 10.62 6.35 141.53 

Religion 4.56 2.00 0.18 26.91 16.00 9.29 5.19 2.83 66.95 

Labor 1.21 0.49 1.25 7.76 11.77 34.92 0.36 0.15 57.90 

Health 54.68 8.28 96.01 77.11 28.05 58.65 353.15 349.84 1025.77 

Status 12.02 10.83 16.88 14.14 10.25 2.98 36.75 36.20 140.05 

Crime 2.03 1.15 11.24 48.64 0.02 32.16 30.00 25.65 150.90 

Aging/Suicide 0.87 10.59 1.33 34.93 16.99 58.07 33.90 19.93 176.60 

Family 4.27 0.96 5.98 1.56 0.99 0.43 2.18 6.41 22.76 

Political Sociology 0.94 1.58 0.25 6.45 24.79 0.13 2.23 0.20 36.58 

χ² Total 253.24 198.73 361.77 611.66 532.52 662.47 971.63 825.46 4417.48*** 

***significant at p≤0.000  



109 

 

Evaluating the lowest number of components (dimensions), I calculated the eigenvalues 

for each of the seven dimensions (components). Based on the eigenvalues, I confirm that the 

model fits well my data. The eight dimensions detected explain 21% of the total variation of 

topics across the journals. My results give a clear indication that 86% of the total explained 

variation (=21%) can be displayed into a two-dimensional space. Component 1 contributes 71%, 

while component 2 contributes 15%.to the two dimensional solution. Because the purpose of the 

simple correspondence analysis is to present data at the lowest dimensional level, I retain the first 

two components explaining the highest percentage of variation (inertia). I recalculated the 

correlation coefficient to illustrate that the topic and the journal profiles are still dependent in the 

two dimensional solution. So I found that the correlation coefficient is 0.425 

(√Trace=√0.1804 = 0.425), illustrating significant dependencies of topics and journals in the 

two dimensional space.  

At this point, I constructed two correspondence maps concluding the simple 

correspondence analysis procedures. Figures 19 and 20 display the twenty topics (row profiles) 

in the journals’ domains (column profile). The correspondence maps reveal that SRV, SOC and 

the BJS share common geometric domains. The analysis of the column profiles indicates a strong 

association between the three journals shaping the British intellectual landscape. Similarly, the 

column profiles and the correspondent maps display the evident association between AJS, ASR 

and SF shaping the thematic core of the American Sociology.  

Also another interesting finding is that ESR departs from the mainstream topical selection 

of the traditional British journals, without converging with the major American journals. On the 
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other hand ARS appears to be in the middle ground between the American and the British 

journals indicating joint thematic preferences.  

Table 19 

Dimensionality Detection and Model Diagnostics American and British Journals 

Component  Eigenvalues Proportion of Inertia Cumulative % χ² p-value 

1 0.1488 71% 71%     

2 0.0316 15% 86%     

3 0.0133 6% 92%     

4 0.0092 4% 97%     

5 0.0051 2% 99%     

6 0.0013 1% 100%     

7 0.0006 0% 100%     

Total 0.21  100% 100%  4417.48*** 0.000  

 

So far, my findings have shown that the topics theory, health and social class are most 

preferred by the majority of the British journals, while topics methods race, crime, status, 

networks, aging, income inequality, and religion constitute the topics preferred by the majority of 

the American journals. The topic selections of SRV, SOC and the BJS shape the thematic 

structure of the British Sociology. On the other hand AJS, ASR and SF shape the intellectual 

landscape of the American Sociology. 
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Figure 19. Correspondence Maps; Topics-Journals in the U.S. and in the U.K 

Figure 20 highlights the divergent and convergent topic selections among the American 

and British sociological journals. The results of the polarization index and the simple 

correspondence analysis have reported identical conclusions. The topics theory, health, social 

class, race, crime, methods, networks and power, status, aging/suicide, income inequality divide 

the intellectual landscape portrayed by the American and British journals. Yet , the topics family, 

political sociology, marriage, labor, education, immigration, gender, and occupational mobility 

appear to have relatively similar publication rates illuminating the shared topical structures 

between the American and British sociologies. 

 US Journals 

UK Journals 

Topic Labels 
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Figure 20. Divisive and Bridging Topic Preferences across British and American Journals 

The final analytical step for this case study describes the topic patterns in the American 

and the British journals for the time period 1974-2013. I divided the 40 year period into an 8 

intervals by accumulating the journals’ publication rates for every 5 years for each country, and I 

performed trend analysis describing the topic patterns. The objective of my longitudinal analysis 

is to find patterns indicating topical convergence and divergence between the two intellectual 

sites.  

Figure 21 shows the publication patterns associated with Methods. From the trend I 

conclude that there is a consistent low publication rate (3% to 4%) of methodological papers 

across the British journals. American journals had shown great preference on the topic methods 

 US Journals 

UK Journals 

Topics 

Divergent Topics  

Divergent Topics  

Convergent Topics  
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until the mid-90s. Since then publication on Methods appear to deteriorate. The patterns show a 

potential of convergence on the journals’ publications on methods in the near future at a very low 

rate. 

 

Figure 21. A Comparison of the Publication Trends on Methods, U.S. vs. U.K. Journals 

Figure 22 reveals that in the 1970s there was a wide gap on publication rates on topic Theory 

between the American and British journals. Ever since, there has been a declining pattern for 

both countries. 

 

Figure 22.A Comparison of the Publication Trends on Theory, U.S. vs. U.K. Journals 

The British journals from the mid-1970s to mid-80s appear to publish on theoretical 

papers at very high volumes. Since then the publication rate of articles on theory has been 
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steadily deteriorating. From figure 22, I can conclude that if the pattern remains steady, in the 

near future the preferences on the topic may converge.  

 

  

Figure 23. A Comparison of the Publication Trends on Health, U.S. vs. U.K. Journals) 

The topic health, which is found to be the most divergent, shows a very interesting 

pattern. From the mid-70s to the mid-80s the American journals were publishing on this topic at 

a higher rate. However, since the mid-80s the interest in the topic took off across the British 

journals. For the periods 1984-1988 and 2004-2008, the gap was continuously increasing with 

the British journals showing a high preference on the topic. In the past 30 years there has been a 

gap of 10% difference in publications on health between the two countries (see figure 23).  

Race is another highly divergent topic based on the findings of my analysis. The 

American journals have clearly shown a higher level of interest in the topic, while the British 

seem to show no preference at all. The gap of publication rates on race is consistent (6-7 percent) 

between the British and American journals (see Figure 24).  

 

0%

5%

10%

15%

20%

UK

US



115 

 

 

Figure 24. A Comparison of the Publication Trends on Race, U.S. vs. U.K. Journals 

Finally, the last pattern I discuss in this section shows the evolution of publication rates 

on education. A very interesting pattern seems to have been developing in the last forty years. 

From the mid-70s to the beginning of the 1980s the British journals showed higher preference on 

the topic than the American ones.  

 

  

Figure 25. A Comparison of the Publication Trends on Education, U.S. vs. U.K. Journals 

Yet, from 1984 to 1988 American journals exceeded the British publications followed by 

a period of twenty years where the rates appear almost identical (1% more publications on the 

topic in British articles). Then, American journals surpassed the rates of the British for a short 

period (2004-2008), and since 2009 there has been an equal publication rates between the two 
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countries. The trend on education justifies that education has been a bridging topic since 1985 

(see figure 25).  

5.10 Discussion and Conclusions.  

My case study was based on the notion that the institution of sociological knowledge is 

formed by a frame of topical oppositions, and topical concurrences between the agents of 

knowledge at national and transnational levels. Editors, authors and reviewers of scientific 

journals, and periodicals, serve the institution of knowledge as agents of cultural production 

(Bourdieu, 1993). They all form and participate in the communities of practice (Wenger, 1998) 

contributing to the process of shaping the discipline by a dynamic interplay in the space of the 

content of social artifacts (journal articles, conference presentations, associational meetings, 

etc.). In this case study I employed a hybrid method (LSA, Cross tabulation analysis, PI,CA and 

trend analysis) to analyze the content of abstracts of journal articles shaping the intellectual 

landscape of the sociological geography in the United Kingdom and the United States of 

America.  

Following Abbott (2001), I seek for evidence justifying that the structure of the 

sociological discipline is divided into fundamental thematic entities creating fractures within the 

discipline. My analysis revealed that there are significant differences on the selections of topics 

across the sociological journals. This outcome does not imply that the sociological field is 

fractured, but it indicates its pluralistic nature. In order to discover the topics contributing to the 

heterogeneous formation of the topical structures, I employed the PI technique. Simply my 

objective was to determine what topics appear to contribute more to the division of the field. To 
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do so, first I described the content in twenty dimensions (topics), and I detected what topics 

appear to contribute the most to the fractal divisions of the intellectual landscape of sociology 

formed by the American and the British journals.  

The findings of the LSA, PI and the Correspondence Analysis (CA) indicated the 

intellectual boundaries, as well as the common topical grounds. I found that Theory, Methods, 

Race, Health, Social Class, Crime, Income Inequality, Aging/Suicide, Social Networks, Social 

Movements and Status are topics contributing more to the intellectual topic divide across the 

American and British sociological landscape. The detected publications’ divergence on Theory 

and Methods verify Abbott’s assertion about the fundamental divides and fractures in the 

sociological field especially on traditional topics. My analysis revealed that the American 

journals have shown a great preference on methods, while the British seem to be a lot more 

interested in theory. My findings support the notion of the intellectual division between the 

American and the British sociological traditional styles.  

Another finding of my analysis is that 8 topics were published at a similar rate across the 

journals of the two countries. The results of the PI and the CA revealed equal publication 

preference on Political Sociology, Family, Marriage, Family, Gender, Labor, Education, 

Immigration and Occupational Mobility. Intuitively, the similarity of distribution reveals 

isomorphism of certain topics in the journals space. My findings support Heilbron’s (2013) and 

Meter and Saint Leger’s (2014) assertions stating that several topics in Sociology shape an 

isomorphic global intellectual topical structure. My findings also support DiMaggio and Powell’s 

(1991) argument on the institutional pressures increasing the homogeneity of organizational 

structures.  
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Finally my longitudinal analysis revealed the publication topical patterns across the two 

intellectual camps. I expected that the fundamental (Theory and Methods) topics will have steady 

high publication rates in major journals in the U.S. and in the U.K., while others to be more 

volatile deteriorating over time (Abbott, 2001).The results of my trend analysis reveal that the 

publication rates of the traditional sociological topics such as Theory, Methods, and Social Class 

follow a declining pattern of publication rates (especially in the last ten years). Theory and Social 

Class, which are more preferred amongst the U.K. scholars, appear to have faster declining rates 

in the British journals determining convergent publication rates between the two countries in the 

future. Similarly, Methods, which has been a much more preferred topic among American 

sociologists, has been deteriorating rapidly, at much faster pace than in the British journals. The 

publication patterns do not support Abbott’s proposition that milestone topics would have a 

consistent increasing path.  

The publication rates of scholarly articles on social networks, social Movements, crime, 

health and race reveal a consistent dynamic divergence between the British and the American 

journals. Overall, publication rates on peripheral topics, immigration, gender, aging and suicide, 

marriage and income inequality show a steady growth on publication rates in both countries in 

the last 40 years, while publication rates on theory, methods, social class, occupational mobility, 

and social Movements show a declining pattern. Finally the publication patterns on political 

sociology, education, labor, religion, and family appear to be at steady publication rates between 

the two countries.   
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CHAPTER 6 

CONCLUSIONS AND FUTURE RESEARCH  

6.1 Conclusions 

It has been a little longer than two decades since the text analytics’ techniques were 

introduced to academia. Since then a variety of innovative methodological techniques has 

significantly contributed to the analysis of web based data. The scientific fields of Computer 

Science, Information Systems, Business, Marketing and Communication have been leading the 

path of text analytics producing advanced innovative techniques suitable for the analysis of web 

textual and non-textual contents. Sociologists have started recognizing the potential 

methodological contribution of text analytic techniques to sociological research a few years ago. 

However, the lack of substantial theoretical backgrounds has generated much skepticism among 

the sociological academic circles with regards to the suitability of the techniques to sociological 

theory driven studies. Therefore, a very limited research has been conducted on the applicability 

of topic extraction techniques exploring, describing and explaining sociological phenomena. 

There is a very small group of sociologists specialized in cultural interpretations who intensively 

work on the development of a theoretical framework justifying the suitability of the technique to 

the study of social behavior. Also a few have adopted and incorporated the method with current 

popular methodical styles widely employed in our discipline. 

My dissertation contributes to the sociological body of literature of hybrid methods on 

text analytics. First I presented the history of content analysis techniques emphasizing the 

methodological development of quantitative and qualitative styles led to a family of blended 
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methods. Second it presents two versions of hybrid methods constituted by LSA, SA (only in 

case study I), PI and CA organizing, analyzing, and mapping unstructured textual data. Third it 

investigates the applicability of the incorporated methodological mix detecting its potential for 

theory driven sociological studies utilizing big data. The hybrid method  To illustrate the 

applicability of the hybrid method to sociological interpretation of big data, I developed two case 

studies.  

My first case study, An Illustration of Topic Extraction and Opinion Mining Techniques: 

The Effect of Media Pundits on Opinion Polarization across Partisan News Sites, focused on the 

application of the blended techniques to phenomena relevant to the Sociology of Media and 

Communication Studies. The hybrid method design consists of the following analytic and 

multivariate techniques; (1) topic extraction (LSA), (2) sentiment analysis (SA), (3) polarization 

index (PI) and (4) correspondence analysis (CA). My objective was to detect the opinion 

polarization on topics extracted by comments posted on major controversial partisan news sites. 

The theoretical framework of this study was developed by Berry and Sobieraj (2013) explicating 

that “media outrage” is a communication technique used by media celebrities affecting, and 

eventually, polarizing the sentiments and opinions of the public (commenters in this case). The 

topics extracted in the context of the Trayvon Martin case. The Trayvon Martin incident 

generated thousands of comments and verbal expression in blogs, forums, news sites, social 

media and other media outlets. My analysis discovered that the most polarizing topic was 

Geraldo Rivera associated with his judgement about the incident. Rivera provoked the public 

opinion by stating that the fact Martin was wearing a hoodie was definitely a cause of the 

shooting. Rivera’s statement caused a massive wave of debates on partisan news sites filled with 
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expressions of irony, ridicule and outrage. My analysis identified Geraldo Rivera/Hoodies as the 

most polarized extracted topic between the liberal and conservative news sites commenters. 

Also Guns don’t kill people, people kill people, was another polarizing topic between the 

high profile commenters on Huffington Post and Daily Caller revealing the everlasting opposing 

views on gun control policies between the liberals and the conservatives. Overall my first case 

study showed a potential of capturing and estimating the polarization of opinion in controversial 

topics. Also my findings theoretically support Berry’s and Sobieraj’s viewpoints on media 

pundits who seem to employ self-depreciation and polarizing communication styles in order to 

be at the spotlight.  

In my second case study, An Illustration of Topic Extraction Techniques to Track 

Sociological Topic Divides: A Comparative Study, I investigate the topical structure based on the 

publications of mainstream sociological journals in the United States and Great Britain. I argued 

that that the intellectual landscape of Sociology can be theoretically designed by a synthesis of 

frameworks. I employed Mohr’s and Light’s suggestions on how to model an institution and I 

described the academic field of Sociology using theoretical elements from Bourdieu’s fields and 

habitus, and Wenger’s communities of practice. After I presented the theoretical design 

supporting my methodological choice to track the sociological intellectual landscape, I tested 

Abbott’s (2001) assertions on sociological thematic divides. In conjunction with Abbott’s 

argument, I detected that the most polarizing topics between the American and British articles. 

Also, relying on Heilbron’s (2013) findings, I looked for evidence on common topical grounds 

between the intellectual landscapes of the journals published between the two countries.  
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For my analysis, I employed LSA to extract the topics of 11,793 abstracts published in 8 

major American and British sociological journals. Then I tested the theory of sociological 

divides seeking for significant differences in publication rates on specific topical domains across 

journals and journals’ countries of origin. Also I used the PI to detect divisive and bridging topic 

preferences demonstrating topical divides. Then I conducted a CA to visually display the 

intellectual geography of Sociology in the two countries, and I tracked the topical patterns of the 

publication rates in the last 40 years. The implementation of these techniques proved to be very 

useful in the detection of topical divides and topical “bridges.” The landscape of sociology was 

described by 20 factors (topics) which appear to have significant distributions across the journals 

and the journals’ country of origins. My findings supported Abbott’s thematic divides; Theory 

and Methods appear to maintain their degree of polarized topical selection across the European 

(pro-Theory) and the American (pro-Methods) journals topical selections. However, my findings 

failed to confirm Abbott’s argument that the fundamental topics (Theory and Methods) will 

always be at the core of the discipline. The publication patterns of articles related to theory or 

methods seem to rapidly deteriorate after the 1990s.  

 American and British journals appear to have controversial preferences on the topics 

Race, Health, Networks and Social Class. Finally the hybrid method showed evidence of 

concurrent publication rates at a transnational scale on topics Family, Marriage, and 

Immigration partially supporting Heilbron’s homogeneous topic structures.  

In conclusion, I developed a hybrid method (mixed method)  and demonstrated  its  

methodological contribution to the sociological interpretations of web-based data. I demonstrated 

its applicability to sociological theory driven studies (case study II), where I employed χ² model  
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to address two theory based research  hypotheses. Also  the hybrid method can be used as an 

alternative  traditional data collection instrument extracting and analyzing vast volumes of web 

textual data (i.e. social media, electronic libraries, etc.) at a minimum cost. Finally the hybrid 

method combines qualitative and quantitative techniques reducing the subjectivity and bias 

issues of the first, and improving the descriptive power of the second. 

6.2 Future Research 

 The field of extracting and analyzing web data is new in the field of sociology. However 

major methodological contributions and improvements of the topic extraction techniques have 

been made by several scientists outside the sociological field. Only a small group of sociologists 

collaborating with scholars from Computer Science and Information Systems, and other 

S.T.E.M. fields have developed exploratory models recognizing the need of a theoretical 

foundations supporting the applicability of such modern techniques in traditional scientific 

designs (i.e. hypothesis testing). Future research on the sociological applications of topic 

extraction techniques can be complemented by a series of non-parametric tests designed to 

produce more generalizable findings contributing to the nomothetic rather than the idiographic 

explanations of sociological phenomena.  

 My future research will be based on the theoretical and methodological basis of the first 

case study of my dissertation aiming to explore and explain the applicability of the communities 

of practice in the formation of cyber communities in the social media focusing on the influence 

of high profile commenters on public opinion with regards to Euroskepticism.  
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 I will continue my research exploring the thematic fields of the sociological landscape. 

My plan is to test more styles of hybrids methods to map the topic structures of global 

sociologies. I will describe the intellectual landscape of all major schools of sociological thought, 

(American, British, French and German) based on journal abstracts published on major databases 

(Jstor, EBSCOhost, etc.). I will employ the hybrid method incorporated by social network 

analysis techniques to explain the role of social capital on the reproduction of sociological 

knowledge at a global scale. I will employ the hybrid method incorporated by social network 

analysis techniques to explain the role of social capital on the reproduction of sociological 

knowledge at a global scale based on the theoretical elements of detachment and integration in 

the academic world as described by Bourdieu (1988) in Homo Academicus.  
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Description 

Based on the publication rates of the American (AJS, ASR, ARS, SF) and the British (BJS, ESR, 

SOCI and SRV), I present the topical patterns of the American and the British journals for the 

time period, 1974-2013.  

Trend Analysis Results 
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