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 سپاسگزاری

یازده سال پیش، دکتر جواد حاتمی مرا با علم شناختی آشنا کرد و برای همیشه زندگیم را دگرگون ساخت.  

این بخت خوش را ی تیزپا و دل مهربان و شکیبای این استاد بزرگوار هستم. پس از آن دوره،  دار اندیشه همواره وام

یک دانشمند و شهروند بالندگی یابم. سپاسگزار دفتر محیط پربار دانشگاه براون بهره برم و به عنوان  داشتم که از  

ی پذیر ساخت. از دانشکدهانداز پژوهشی مرا امکاناش چشمی بزرگوارانههزینهمعاون پژوهشی هستم که با کمک

اندازه دشوار سپاسگزارم. همچنین  هایی بیسال   درشناختی برای پشتیبانی از من  شناختی و روانعلوم شناختی، زبان 

های گذار مرا رها دارم. او نه تنها در دشوارترین دورهتیبانی استاد راهنمایم، دکتر استیون اسلومن، را گرامی میپش

بیان نوشتاری را   هایی داده و بهترین راهاندیشیدن درباره   یشیوههای پژوهشی درست،  نکرد، بلکه پرسیدن پرسش

اش در راهنمایی شکیباییستم: دکتر کارستن آیکهوف که بدون  نیز ه  به من آموخت. سپاسگزار دیگر اعضای کمیته

الگوی محاسباتی اجتماعی    در علمدکتر مرتضی دهقانی که    ؛شدتر میشناسی محاسباتی بسیار سختبه زبان   رگذا  من

 . ندشناسی بخشیدزبان یدربارههای سطحی من هایش ژرفایی نو به ایدهدکتر اسکات اندربوا که بینش من است؛

با یاری دانشجویان  پژوهشی که در این پایان  پذیر شد. کارشناسی پرشماری امکاننامه بازتاب یافته تنها 

ندر وی، شریدان فویشت و موسکان گارگ  زهای ناثانیل گودمن، آرین سریواستاوا، جاناثان لی، الک سپاسگزار یاری

داده پرورش چاردر کندوکاو محاسباتی  در  این  چوبهایم هستم. شریدان مرا  داد.  یاری  نیز  ارزیابی نوشتار  های 

های افزون بر این همکاران، برای کمکهای شریدان، موسکان و کیت اسپیتالنیک ممکن نبود.  دهیبدون نمره  برونداد

پژوهشگران از  جدا از این دوستان،    ناومی شّماش، شنندوا دوریومانی و مارسین کالژوسکی هستم.مدت وامدار  کوتاه

که اگرچه مستقیم با این پژوهش درگیر    کنمگزاری میسپاسپزشکی  -آزمایشگاه سلومن و هوش مصنوعی زیستی

تر و برونداد را  بخشلذّت فرایند را برای من  همراه با بازخورد پایدارشان  برانگیزم با ایشان  نبودند، گفتگوهای تامل

منشانه مرا یاری دادند و شور امیم الکس فنگلر و دن اسکات بزرگبرای دیگران باورپذیرتر کرده است. دوستان گر

 ام را با خواستاری خود پاسخ گفتند. همواره قدردان آشنایی با آنها خواهم بود. دانشورانه

وجود   دشواری  دوریبا  از  و  که  داشتم  را  خوش  بخت  این  آوردند،  پدید  بیماری  و  سیاست  که  هایی 

دارم؛ کسی که  ام برخوردار باشم. یاد پدرم دکتر پرویز هّمتیان بروجنی را گرامی میوادههای باورناپذیر خانپشتیبانی

  پرتاب و با وجود درگذشتش    ها سالپس از دهآتشی که    ؛ ساخت  روشنگویی را نخستین بار در من  به داستان  مهر آتش  

شوقش برای آموزگاری هاست و  سختی سوزد. مدیون مادرم محبوبه انیسی هستم که الگویم برای پایداری در برابر  می

خواهرم دکتر ناهید هّمتیان بروجنی و شوهرخواهرم دکتر ساالر    یاریی مرا زیباتر ساخته است.  انداز آیندهچشم

. نداناپذیرشان مرا به دنبال کردن آرزوهایم برانگیختههای خستگیکه سالهاست دلگرمی  دارمرا گرامی میظاهریانی  

میهن یا  برای پایداریم در راه پژوهش بسیار ارزشمند بود. هنگامی که  کاوش اسدی    دکتر  پشتیبانیدر ایاالت متّحد،  

بایست راه دشوار آموزش میوجود  روبرو بودند و با این    هایی چندگانهبا چالشکشور میزبانم و گاهی سراسر جهان  

می سپری  را  تکیهتکمیلی  وو  ایان  همسرم  رو،کردم،  همین  از  بود.  پیشکش    گاهم  او  به  را  سپاسگزاریم  واپسین 

  کنم. می
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Abstract of “Taking the High Road: A Big Data Investigation of Natural Discourse in the 

Emerging U.S. Consensus about Marijuana Legalization” by Babak Hemmatian Borujeni, 

Ph.D., Brown University, February 2022. 

 

U.S. support for marijuana legalization grew from 38% to 65% in 2008-2019. To find the 

discourse features that preceded and followed the shift, I curated a comprehensive corpus 

of Reddit comments from the same period. Neural networks trained on human 

annotations of attitude and persuasion attempts separated strategic use of narratives from 

non-argumentative discourse. Two narrative frames considered important to persuasion in 

past research were studied: anecdotal vs. generalized content. I operationalized anecdotal 

frames based on three linguistic clause-level features: Whether the clause is about a 

generic kind, if it represents a reliable state or an event, and whether any events are 

bounded in time. A corpus of Reddit and news was annotated for these features and more, 

neural networks based on which estimated anecdotal properties in the broader Reddit 

dataset. Anecdotal themes were less prevalent but present in most comments, particularly 

in arguments favoring legalization. Nationally, a surge in anecdotes within non-

argumentative discourse happened over time as a consequence of attitude shifts. 

Generalized discourse was a potential cause with major surges around the 2012 and 2016 

legal milestones. Attempts to associate generalized discourse with legal changes were 

complicated by marijuana’s varied status across the U.S. I therefore inferred user 

locations and compared the rate of anecdotal themes before and after legalization in 

comments from pioneering states. More generalized frames set the stage for each 

successful legalization bid. The particular content, however, varied between the two 
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milestones. Character judgments were prominent in 2012, while crimes and politics took 

center-stage in 2016. The generalized precedents of legalization in the two periods shared 

argumentative and moralistic focus but had distinctive clause-level profiles. Meanwhile, 

legal and medical arguments were sidelined, meaning the novel consensus was not 

informed by much of the relevant information. Together, my findings present generalized 

argument framing as a harbinger of attitude shift toward hot-button topics, and anecdotal 

non-argumentative framing as a consequence of it. The machine learning pipeline that 

made this insight possible is novel for social media research but general-purpose, 

allowing similar abstract narrative frames to be broken down into theory-driven 

constituents, and studied in quantitative detail.  
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Chapter 1: Overview 

Emerging Consensus and Discourse 

Over the last dozen years, polarization in the U.S. has increased across a wide 

range of issues (Pew Research Center, 2020). However, during the same period 

marijuana legalization has transformed from a hotly debated topic to the subject of an 

emerging consensus, with support increasing across partisan and demographic divides 

from 35% in 2008 to 67% in 2019 (Pew Research Center, 2019b). The rapidly rising 

support resulted in far-reaching legal changes. Starting in 2008, a bevy of states legalized 

medicinal uses of cannabis. This was followed in November 2012 by legalization of 

recreational use in Colorado and Washington through ballot initiatives. The early 

successes had a domino effect that led to much of the country legalizing various uses of 

marijuana. California’s legalization of recreational use in 2016 signaled for many the 

beginning of the end for prohibition given the state’s massive population (Lopez, 2018). 

By the end of 2019, only three states had not legalized marijuana in some shape or form 

(National Conference of State Legislatures, 2021). 

My general research interest lies in the community-related influences on 

individual cognition that contribute to such attitude changes and the legal transitions that 

sometimes ensue. I am also interested in what distinguishes cases of change from hot 

issues remaining unresolved for decades, or worse, moving towards greater polarization 

(an example of the latter being South Korean opinions on national reunification; 

Hemmatian & Sloman, 2019a; 2020a). The community’s influence is either through 

individuals outsourcing, taking advantage of information they do not own but assume that 

someone else can supply, or their collective collaboration toward social decision-making 
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(Hemmatian & Sloman, 2020b). Many intuitive community-focused heuristics that 

enable outsourcing have been identified in experimental work, including the use of a 

label’s common usage as a sometimes-inaccurate sign of its explanatory value 

(Hemmatian & Sloman, 2018). Marijuana legalization, however, was largely legalized 

through ballot initiatives that highlight the importance of deliberation instead: intentional 

collaboration with others toward joint goals, often using natural language.  

The goal of this dissertation is to use machine learning for scalable study of the 

discourse features that were prominent in discussions of marijuana and may have 

facilitated the legal shift, as well as features that accompanied the attitude shift itself. 

Since the period of the changes coincides with the rise of social media like Reddit 

(launched in 2005), I make use of online discussions to evaluate broad societal discourse. 

My hope is that features derived from this analysis can be used to predict similar moves 

towards or away from consensus across social divides in other hot-button issues. 

Given the unusual nature of the shift in marijuana attitudes, it may come as no 

surprise that dozens of studies have examined its profile as a subject of media attention 

(see Park & Holody, 2018, for a systematic review of older literature; see Motlagh et al., 

2019, and Brekken & Fenley, 2020, for more recent results). But as I discuss in Chapter 

2, these studies are either limited in scope or broader but suffer from serious data quality 

issues. I will focus in particular on computational social media research, where the total 

lack of longitudinal examination precludes insights into attitude changes.  

To enable a reliable and valid examination of the marijuana legalization 

discourse, I extract by far the largest and most comprehensive dataset on the topic from 

Reddit (2008-2019), mitigating most of the generalizability issues affecting previous 
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social media work1. To make patterns more interpretable and transferable to other issues 

with similar or different discourse content, I perform topic modeling on the corpus to 

identify prominent themes2. I use a well-established and robust unsupervised method 

(Latent Dirichlet Allocation or LDA; Blei et al., 2003) to break discourse up into dozens 

of themes. I then use hierarchical clustering to group these themes into more abstract and 

interpretable categories. The diverse set of clusters and constituent topics, ranging from 

political ideology to impact of marijuana on users’ life and emotions is discussed in 

Chapter 2 and can be examined in Appendix C.  

But data quality is not the only issue with past attempts at unlocking the secrets of 

the marijuana revolution. In the absence of any theoretical basis, computational findings 

have been limited to demographic correlates of attitude, average discourse valence, and 

the role of bots and industry interests (Park & Holody, 2018; Motlagh et al., 2019). To go 

beyond such shallow descriptions, I turn to non-computational research on marijuana 

legalization for inspiration. 

Narrative Strategies in Policy Discourse 

It is hardly contentious to say that humans are masterful storytellers. Bruner 

(1991) was among the major cognitive scientists who suggested that narrative, a story 

with characters, plots, and deeper morals, is a key sensemaking tool in our arsenal and as 

 

1- The claim, however, is not that my method can answer every question about marijuana legalization 

discourse. See Chapter 2 for a detailed description of inherent shortcomings in correlational Big Data 

studies, as well as those specific to studying Reddit in this case. 
2- Throughout this dissertation, I use “theme” and “topic” interchangeably to refer to the set of words that 

are more likely to appear within the same document given its particular subject area. Topics can vary in 

their granularity based on particular operationalization but thinking of the distinct set of words used in a 

domain like religion compared with economics would provide a helpful intuition for the fundamental idea 

behind them. While the computational notion is rigorously developed in the topic modeling literature, even 

the original creators of the approach remained non-committal about its actual psychological definition (see 

Blei et al., 2003). 
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such immensely important for general cognition (see p.11 in Polkinghorne, 1988, for a 

similar sentiment). Since then, researchers have found stories to be a preferred tool for 

both children and adults in their sense-making attempts (e.g., Jones and Song, 2014). 

The Narrative Policy Framework (NPF; Jones et al., 2014; Shanahan et al., 2018a) 

argues that policy attitudes and debates are no exception to this rule, with both 

policymakers and the consumers of their ideas making heavy use of stories to justify their 

positions. The Policy Narrative Persuasion Hypothesis has recently amassed significant 

empirical backing in its prediction that the frequency of narrative elements’ use and the 

manner in which they are employed would affect policy outcomes such as popularity and 

consequently legalization, thus explaining their widespread usage (Shanahan et al., 

2018a). In NPF, attitude change is achieved through narrative strategies, defined as 

“tactical portrayal and use of narrative elements to manipulate or otherwise control 

policy-related processes, involvement and outcomes” (Jones et al., 2014). Determining 

the properties and possible impact of such attempts in marijuana discourse is my key aim. 

But social media are for the most part neutral with respect to the kind of discourse 

users engage in. Certain Reddit users may produce argumentative content replete in 

narrative strategies, while others may focus on the sharing of daily experiences with like-

minded individuals where such strategies are absent. Considering the different 

implications of argumentative and non-argumentative discourse for attitudes, I develop 

neural network models in Chapter 3 to identify persuasion attempts and expressed or 

implied legalization stances in natural text. This allows me to later compare the elements 

of narrative strategies that favored legalization (and succeeded in producing a new 

consensus) with baseline levels of those elements in non-argumentative or neutral text. 
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Policy Frames: Anecdotes and Generalizations 

Issue frames, the particular dimensions of a hot topic that are discussed, count 

among well-studied narrative strategies (Shanahan et al., 2018b). For instance, debates 

may focus attention on the economic aspects of legalization as opposed to its political 

elements. Generic frames, the way a particular content focus is organized or presented 

more abstractly, identify a different class of narrative strategies (Shanahan et al., 2018a; 

Brekken & Fenley, 2020). For instance, if a policy narrative highlights the winning or 

losing of opposing camps, it represents a conflict frame, while if it focuses on the plight 

of fellow humans, it is concentrating on a human-interest framing. Both kinds of frames 

have been shown to affect persuasion and polarization across a range of issues (e.g., 

Matthes, 2009; Layton Atkinson, 2017). As substance and form are deeply intertwined in 

stories, the distinction between issue and generic frames often becomes hazy. Therefore, I 

will focus on the broader “frame” concept that encompasses both, focusing on its scalable 

delineation as a potential instrument of attitude shift in my Reddit corpus. 

One frame distinction has been rigorously studied in experimental 

communications research, often in the form of how framing and evidence persuasiveness 

interact (Baesler & Burgoon, 1994; Freling et al., 2020). It concerns the strategic use of 

anecdotal versus statistical narratives in arguments. An example of anecdotal evidence in 

favor of legalization is “My cousin was jailed for possession, and it ruined his life.” while 

“Marijuana increases the risk of cancer” serves as anti-legalization statistical evidence3.  

 

3 - As the latter example illustrates, “statistical” statements need not furnish statistical facts themselves 

under the literature’s definition. The designation applies to anything that would require statistical rather 

than anecdotal evidence to confirm. Such confusions are among the reasons why I introduce a different 

terminology below.   
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Similar distinctions exist within policy studies between “episodic” frames that 

present situations as one-off happenings and “thematic” frames that cast them as part of 

broader (often historical or natural) patterns (Iyengar & Simon, 1993). Another echo can 

be found in discourse linguistics, making the duality a more likely candidate for theory-

driven analysis of online text. One manifestation of is found in the study of how language 

about generics differs from language used for individual entities in critical ways (e.g., 

Prasada et al., 2013). Another has emerged in studies of discourse modes, where theorists 

like Smith (2003) distinguish narrative from argument as fundamentally different modes 

of communication. According to her, a narrative is focused on temporal progression of 

events happening to particular individuals or groups situated in spacetime, while an 

argument highlights repeating events or stable states that more often affect generic kinds 

(see Adam, 2012, and Werlich, 1983, for competing linguistic theories similar in broad 

strokes). It is not difficult to see the relevance of narrative thus construed to anecdotal 

evidence and that of argument to what has been called statistical evidence in 

experimental work. But the additional contribution of these theories is positing that the 

frame types might strongly relate to the goal of the author, in particular whether a text is 

argumentative or not. The rather exclusive focus of communications research on 

persuasion attempts meant that such broader distinctions in discourse types escaped 

researchers’ notice. 

Given the multidisciplinary consensus about the importance of narrative 

generality for attitude outcomes, I focus on this particular frame distinction. But since 

different disciplines use a variety of terms and definitions for closely related concepts, I 

will first define my terminology. I prefer to use the term anecdotal for the type of 
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narrative that focuses, for instance, on particular situations happening to individuals. The 

justification comes from the fact that “narrative” is used within NPF to also refer to 

highly abstract frames of reference (e.g., “the Republican economic narrative”), which 

are the polar opposites of such discourse. Following Tessler and Goodman (2019), I will 

call the contrasting, broader discourse form generalized to prevent similar confusions. 

Statistical, for instance, may imply that actual numbers must be embedded in such 

narratives. However, character judgments applied to social groups show all the hallmarks 

of non-anecdotal discourse while containing no exact quantitative information. Argument 

is also misleading because generalized narratives can surface in non-argumentative 

settings, even if correlated more strongly with argumentation. Finally, thematic may 

suggest that no themes exist in anecdotal narratives, which is not true. Generalized, on 

the other hand captures what I argue is the essence of the duality: The expansiveness of a 

narrative’s application to entities across space and time, with anecdotal content focused 

on more detailed but less expansive cases.  

If we assume that spatiotemporal delimitation is indeed at the heart of the 

generalized-anecdotal duality, it is intuitive to think of it as a spectrum with fully 

localized situations at the anecdotal and completely boundless ones at the generalized 

end. Nonetheless, to facilitate computational analysis and simplify the presentation of 

results, I focus in this dissertation on whether themes are more or less generalized than 

the corpus average, turning the spectrum into a more intuitive binary classification. 

Future analyses of even the same dataset and results may take a more continuous stance. 

Did the relative use of anecdotal versus generalized frames impact societal 

outcomes on marijuana legalization in recent decades? Is their relative use distinct within 
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argumentative and non-argumentative discourse as some linguists have suggested? To 

answer these questions, we need a scalable method for identifying tell-tale signs of either 

frame in natural text. To this end, I turn to the frames’ impact on two key elements of 

narratives according to NPF.  

Frame Elements 

In order to make narrative policy hypotheses empirically testable, Shanahan and 

colleagues (Shanahan et al., 2018a; Shanahan et al., 2018b) surveyed research across 

different disciplines and identified four consistent elements in the study of narratives: 1) 

Setting, the less controversial backdrop against which the policy narrative happens. For 

instance, debaters may limit their conversation to U.S. marijuana outcomes within the last 

two decades. 2) Characters, identifying the important players and their relationships as 

they fulfill often archetypal roles such as heroes, villains, and victims (Jones, 2014). 3) 

Plot, a sequence of events that connects characters to each other and to the setting. 4) 

Policy Solution, which serves as the so-called moral of the story and may or may not be 

explicitly presented. 

My notion of anecdotal discourse follows closely Finlayson’s (2020) definition of 

narrative in the linguistic sense: “Discourse presenting a coherent sequence of events 

which are causally and purposively related and concern specific characters and times, 

and overall displays a level of organization beyond the commonsense coherence of the 

events themselves” (emphasis mine; I discuss similar definitions from the rest of the 

literature in Chapter 4). Connecting this definition to narrative elements described above, 

we see that anecdotes are focused on specific Characters rather than generic kinds. 

Generalized narratives, in contrast, would more often reference anthropomorphized 
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abstractions or broad categories such as “the people” (Jones et al., 2014). Also 

emphasized are two properties of the Plot: First, anecdotes are focused on sequences of 

events, or prominent changes to an entity’s previous state rather than their status quo. 

Second, they favor events as their centerpieces that happen at specific times rather than 

regularly. States and repeating events, on the other hand, either serve as the hallmarks of 

generalized narratives, or as the less focused-on non-controversial Settings of anecdotes. 

The three features of Characters and Plot described above correspond to three 

properties studied at the level of clauses in discourse linguistics (Smith, 2003; Grisot, 

2018): genericity (separating discussion of instances from non-individualized kinds4), 

eventivity5 (separating states from events), and boundedness (separating time-bounded 

events from timeless statements). These features share an ability to make the 

spatiotemporal limits of a clause’s focus more or less vague: Individually identifiable 

entities and bounded events make for clearer boundaries in anecdotes, while limits of 

generalized discourse may be less clear due to generic entities and boundless or repeating 

 

4 - My use of the term genericity is much more circumscribed than some semanticists’, close in broad 

strokes to Smith’s (2003) characterization. I consider the term only applicable to a clause’s main referent, 

the noun phrase it is mainly about. I use other terms for generality of the eventuality associated with the 

referent, which is the focus of the next two features. As described in detail within Chapter 4, I make the 

definition even more niche by deviating from Smith’s definition in order to better distinguish more and less 

anecdotal content in the particular context of marijuana discourse. For instance, I consider a single U.S. 

administration as non-generic to distinguish it from the more generic discussion of U.S. governments as a 

group, where the former is more likely to show up marijuana legalization anecdotes. In contrast, Friedrich 

(2017) considers both specific based on Smith’s (2003) guidelines, given their situatedness in space-time.  
5- More common terms for this dimension in the surveyed literature are “fundamental semantic aspect”, 

“fundamental aspect” or simply “aspect”. I decided to use eventivity because it captures the meaning of the 

dimension more clearly and intuitively. This also precludes confusions with different uses of “aspect” in 

computer science (e.g., in sentiment analysis; Wang et al., 2016).  
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events6. While spatiotemporal delimitation may not provide an exhaustive definition of 

generalized-anecdotal frames and the three linguistic features might not exhaustively 

define it in turn, I argue that strong conceptual associations make the former a good 

measure of narrative frames and the latter reliable tools for estimating the former. Partly 

reflecting the same understanding, the importance of genericity, eventivity and 

boundedness to cognitive perceptions of situations has received significant experimental 

attention, which I describe in detail within Chapter 4 (e.g., Tessler & Goodman, 2019; Ji 

& Papafragou, 2020a, 2020b).  

For now, I leave the reader with three clause pairs below that exemplify the 

distinctions and hopefully highlight the different connotations and consequently attitudes 

which they best support. Note that while I extend the label in each case to the clause as a 

whole, each feature is defined based on a particular subsection of the text (underlined), 

the entity a clause is about for genericity, and the verb along with its adverbial structures 

for the other two features. It is permissible for the clauses to “inherit” the labels of their 

constituent parts because each clause can only have one subsection of each relevant type. 

Also note that while I highlight only one feature per pair for clarity, every clause may 

receive three labels, one for each property: 

Genericity: 

 

6 - Similar to the anecdotal-generalized duality itself, each of the three features is best understood as a 

spectrum, with a variety of more detailed syntactic, semantic, and pragmatic subcategories determining 

how specific, eventive and bounded a described eventuality may be. Nonetheless, to simplify their 

computational operationalization, I chose conceptual thresholds to represent each as a binary classification 

task. In each case, I looked at examples of anecdotal and generalized marijuana legalization discourse to 

determine which classification of more nuanced subcategories would be most informative for the key 

hypotheses to be described. For instance, language targeting particular groups is classified as specific even 

though it still generalizes from the properties of the individuals to some extent. This is because specific 

groups may very well be targets of anecdotes. Similar binarizations are common in the literature (Friedrich, 

2017; Govindarajan et al., 2019). 
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1a) Marijuana consumers are lazy (Generic) 

1b) This marijuana consumer is lazy (Specific) 

Eventivity: 

2a) Users are disgusting. (Stative; also called static) 

2b) Users at times do disgusting things. (Eventive; also called dynamic) 

Boundedness: 

3a) My religion forbids smoking marijuana (Unbounded) 

3b) My religion forbade smoking marijuana 1400 years ago (Bounded) 

In the rest of this dissertation, I consider the combination of specificity, eventivity 

and boundedness as indicative of anecdotal discourse. This allows me to operationalize 

what has been the focus of research on generalized evidence under its various names: 

“Clauses focused on the stable traits of generic kinds or recurring events that happen to 

their instances as a relatively undifferentiated group”. In Chapter 4, I develop neural 

network models that classify the elemental features of anecdotal and generalized 

narratives. Along the way, I describe developed resources that can aid future researchers 

in the study of how such elements are put together into a coherent story. 

To foreshadow the results, I find that the three clause labels move in tandem for 

the vast majority of cases when characterizing the major themes of marijuana legalization 

discourse. This suggests that they are indeed aspects of the same more abstract 

dimension, the spatiotemporal delimitation at the heart of anecdotal storytelling. Still, 

separate classification of the features means that the independent contributions of each 

feature can also be identified. This compositional analysis proves important in Chapter 5 

for understanding the evolution of marijuana discourse.  
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What my results do not show, however, should be noted. It could be that a subset 

of genericity, eventivity and boundedness, or even an unstudied feature of anecdotes 

correlated with all three is behind any distinct psychological imprint of the narrative 

frames. Since my focus is on the higher-level framing and the linguistic properties only 

serve as quantifiable reflections of it, it suffices for testing my key hypotheses that the 

latter are simply highly correlated with the frames. 

Frames in Legalization Discourse 

Using the corpus from Chapter 2 and the computational tools developed in 

Chapters 3 and 4, we can start to answer important questions about the nature of 

sociopolitical discourse “in the wild”: How prevalent are the generalized and anecdotal 

frames in marijuana discussions? Are they often combined in the same comment, or are 

the comments mainly either anecdotal or generalized? How are the pieces of narratives 

connected to one another in either type of discourse? Does the prevalence of anecdotes 

and their mixture with generalized statements differ in argumentative and non-

argumentative content, as linguists have suggested? I address these questions to some 

extent in Chapter 4. 

However, my motivation for this work is more the potential connection between 

the frames and attitudes: Does their relative prevalence over time predict the shift in 

marijuana’s societal acceptance? Alternatively, are shifts in the common usage of 

anecdotal and generalized frames indicative that attitude changes have already happened? 

I will concentrate in Chapter 5 on argumentative and non-argumentative discourse over 

time to see if the frames can serve as reliable antecedents or consequents of social 

change, in essence the Holy Grail of computational social media research. As the first 
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study on marijuana legalization to span a dozen years, my dataset has special potential for 

providing novel insights in this vein7. 

Nonetheless, it should be admitted that any temporal result uncovered in my 

analysis may be an invariant feature of discourse during the studied time frame, not a 

cause or an effect of the attitude shift. Establishing potential causal links with some 

reliability requires two things: First, a comparison with other issues moving towards 

consensus during the same period to confirm generalizability (e.g., same-sex marriage; 

Pew Research Center, 2019a; Hemmatian et al., 2019b). Second, comparing with issues 

becoming more polarized (e.g., immigration; Pew Research Center, 2020) to rule out 

broad period-specific changes to sociopolitical discourse that are unrelated to attitudes.  

Another reason for follow-up studies of other issues is to get at any asymmetries 

in the use of anecdotes between two sides of a debate. If such differences exist and 

reliably predict which side wins the public over in the end, the causal implications will 

greatly amplify the practical importance of pipelines to be described. Since Reddit users 

are largely either indifferent to or support marijuana legalization, issues more hotly 

debated on the platform are needed for a rigorous test of the possibility. This is, however, 

a major undertaking that lies beyond the scope of this dissertation. I hope that my detailed 

treatment of marijuana legalization will serve as a starting point for future inter-issue 

comparisons that illuminate any causal associations.  

 

7- Given the extensive dataset and analysis pipeline development, I did not have enough time to apply the 

most causally informative temporal analysis methods in Chapter 5. As such, I present conservative 

regression-based estimates while pointing the reader to the future direction approaches that are more 

appropriate (see Appendix F for more details). 
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Antecedents and Consequences of Social Change 

What are the expected changes over time in reliance on anecdotes? Much 

experimental research suggests that anecdotal persuasion attempts are disproportionately 

powerful for changing minds in issues like marijuana legalization, marked by high health 

and personal relevance (see Chapter 5; Freling et al., 2020). This suggests the following 

possibility: 

 

Hypothesis 1.a.: Increased use of anecdotal narratives in arguments earlier during 

the transition period paved the way for improved societal acceptance. 

 

But personal experiences related to marijuana and legalization’s impact may have 

been scarce and more dangerous to share in earlier years. Reliance on generalized values 

and simplified outcome beliefs can not only make up for this dearth, but also shield 

individuals from the uncomfortable uncertainty that times of transition bring: It induces 

an illusory sense of simplicity and understanding that encourages strong positions in the 

absence of adequate information (Hemmatian & Sloman, 2019a; 2020a). This suggests 

the following possibility, incompatible with Hypothesis 1.a: 

 

Hypothesis 1.b.: Increased use of generalized narratives in arguments earlier 

during the transition period paved the way for improved societal acceptance.  

 

The consequents of attitude shift, on the other hand, are likely to appear in non-

argumentative discourse, as the share of conversations between like-minded individuals 
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increases with the advent of a new relative consensus. Societal acceptance may usher in 

more social sharing of anecdotes: Decriminalization makes self-disclosure less risky, and 

the chance of negative social reactions also decreases. This suggests the following 

possibility, orthogonal to Hypotheses 1.a. and 1.b., itself supported by certain evidence in 

the social discourse literature: 

 

Hypothesis 2.a.: Increased use of anecdotal narratives in non-argumentative 

discourse later in the study’s timeframe correlates with the increasingly positive 

societal attitudes to legalization. 

 

On the other hand, with increased acceptance and particularly emerging majority 

support for a policy, users may feel the urge to discuss the broad consequences of change 

and the principles that should or would underlie them. This is because the status quo 

starts to seem untenable as the new consensus gains steam. As the share of non-

argumentative discourse increases with societal acceptance, this surge in the later years 

would be more likely to arise within the same subset of the policy conversation. I provide 

some evidence in line with this hypothesis as well within Chapter 5. The idea translates 

into the following possibility, incompatible with Hypothesis 2.a.: 

 

Hypothesis 2.b.: Increased use of generalized narratives in non-argumentative 

discourse later in the study’s timeframe correlates with increasingly positive 

legalization attitudes. 
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The temporal patterns in marijuana legalization Reddit discourse on the national 

scale can to some extent serve as tests for these four hypotheses. However, given the 

varying legal status of marijuana across countries and U.S. states during the timeframe, 

simply looking at the platform-wide patterns may be misleading. For instance, at the 

same point in time California residents may be discussing legalization as a hope for the 

future while Colorado residents are examining it as the current state of affairs. To face 

this challenge in discourse interpretation, I infer the country and U.S. state that different 

users hail from, separating international chatter from U.S. discourse and zooming in on 

state-level legalization conversations. I then confirm national findings about the 

hypotheses by comparing more precise pre-legalization trends (potential causes of the 

shift) with post-legalization ones (potential effects of the shift) within pioneering states. 

These states include those that first legalized recreational marijuana in 2012 (Colorado 

and Washington), and those that marked the beginning of the end for prohibition in 2016 

(California and Massachusetts; Lopez, 2018). 

To foreshadow the results, I found a generalized surge in discourse ahead of 

major legal milestones in 2012 and 2016 within all four studied states, confirming 

Hypothesis 1.b and disconfirming Hypothesis 1.a. National patterns closely followed 

these pioneering locations, suggesting that the states in focus were within the national 

spotlight, with people gauging the overall success of the legalization movement through 

their outcomes. Such attention explains the explosion of state-wide legalization following 

Washington and Colorado, as well as the dying down of concerted opposition after 

California and Massachusetts legalized use in 2016.  
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Differences in the narrative elements driving the two generalized surges, however, 

make a case for compositional approaches to narrative analysis that dissect it into 

constitutive parts. The features used to classify themes as generalized or anecdotal 

focused on both Character and Plot elements. The 2012 shift was marked by the surge of 

Character-related generalized discourse, while more Plot-oriented generalized themes 

surged in 2016. More specifically, highly argumentative Character judgments became 

prominent at the expense of both other generalized themes and anecdotal content ahead 

of the 2012 milestone. But in 2016 such judgments were in decline while similarly 

argumentative, but more Plot-oriented discussions of crimes and politics took center-

stage, perhaps spurred by the contentious general election where such issues received 

significant media attention. 

The narrative strategies represented by the two surges correspond to strategies 

identified in ethnographical NPF research, also divisible mainly into Character- and Plot-

focused categories (e.g., on environmental issues; McBeth et al., 2007). The well-studied 

“devil shifts” and “angel shifts” exaggerate the good intentions of narrative heroes and 

the bad intentions of its villains, showing clear similarities with the 2012 shift in 

marijuana discourse (Jones, 2014; McBeth et al., 2010). In the early years of legalization 

when its outcomes are highly uncertain and direct experiences with it are scant, reverting 

to such timeless assertions about the virtues or vices of actors can be greatly simplifying 

and thus appealing. The decline in Character judgments in favor of crimes and politics, 

on the other hand, has parallels in narrative strategies like “issue expansion” whereby the 

benefits of a policy are cast as diffuse and its costs as concentrated (McBeth et al., 2010). 

Such discourse makes more sense in the later years as concrete data about outcomes of 
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legalization accumulates. Whatever the profile of a generalized surge, it appears that one 

happens before any major decision, while the particular strategy and content is tailored to 

the policy context at the time.  

Compared with the antecedents, the state-level anecdotal-generalized consequents 

of legalization were more varied (see Brekken & Fenley, 2020, for similar state-level 

observations with respect to news discourse). The national pattern, however, was clearly 

in favor of Hypothesis 2.a.: An overall increase in anecdotal narratives mainly driven by 

non-argumentative content following greater societal acceptance and legalization. 

Coinciding with declining argumentation and less explicit expression of positive 

attitudes, this pattern suggests that increased social sharing of relevant experiences can 

serve as a post-hoc indicator of massive changes in social opinion.  

Are the generalized-anecdotal shifts associated with more commonly studied 

computational frames? To find answers, I first looked at emotional sentiment, popularly 

used as a substitute for attitudes (e.g., Motlagh et al., 2019). While the measures show a 

slight positive shift over the years, haphazard associations with discourse themes make 

for noisier and weaker trends than those observed for the anecdotal consequent to 

legalization. Other than that, the ebb and flow of discourse with legalization attempts is 

completely lost. This is surprising given the prominence of emotional narrative reactions 

in NPF research (Jones et al., 2014), but may simply reflect lack of validity in common 

sentiment measures: The sentiment scores hardly had any correlation with inferred 

attitude which they are often taken to represent.  

Morality is another frame common in computational social media research (Sagi 

& Dehghani, 2014), whose importance to policy narratives has also been emphasized by 
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NPF theorists (e.g., Matthes, 2009). It is defined as a system of beliefs or set of values 

relating to right conduct against which behavior is judged to be acceptable or 

unacceptable (APA Dictionary of Psychology, 2020). I finish the dissertation by 

examining whether this frame can explain my key temporal results. I employ Moral 

Foundations Theory, a leading computational approach that casts moralized language as 

reflecting one of five fundamental dimensions: Care, Fairness, Loyalty, Authority and 

Sanctity/Purity (Graham et al., 2009; 2013). Lexicons associated with positive and 

negative ends of each dimension have been validated in prior corpus research and serve 

as convenient tools for an initial evaluation of moralized content in legalization discourse 

(Frimer et al., 2015). The resulting frequency measures showed more consistent 

association with themes than observed with sentiment scores. Declining moralization in 

non-argumentative contexts over time showed that the measures are useful correlates of 

at least the anecdotal shift that followed legalization.  

The 2012 and 2016 shifts, however, both happened within highly moralized 

themes: Both surging and declining topics during these periods showed the greatest 

corpus-wide correlations with all five moral dimensions. As such, moralized language 

alone could not account for the generalized antecedent to legalization. It is possible that a 

mixture of emotional and moralized language would serve as a better indicator of 

attitudes (Brady et al., 2017; 2020), but evaluation of this possibility requires more valid 

sentiment estimates than current widely used tools afford.  

It is tempting to consider the moralistic narrative strategies that emerged in 2012 

and 2016 as positive forces in marijuana legalization discourse, if consensus-building is 

seen as an inherent good. However, the focus on the moral frame came at the expense of 
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much expository discourse, depriving decision-makers from substantive information 

about policy consequences. For instance, the Types and uses cluster of themes contained 

detailed examinations of marijuana’s addiction potential, its health effects, and the 

associated regulation of chemicals. This information is highly relevant to whether or not 

the substance should be regulated. It therefore should have been front-and-center in any 

related discussion. Instead, it remained stagnant throughout the transition period and did 

not feature strongly in arguments. While character judgments and politicized 

conversations may have helped us reach consensus, they did not necessarily promote the 

most informed decision-making. 

Summary and Conclusion 

To summarize, the overall dissertation structure will be as follows: A 

comprehensive dataset of Reddit discourse relevant to marijuana legalization is curated 

and its text classified into theme clusters using unsupervised machine learning (Chapter 

2). To separate the use of narrative strategies from general discussions of the issue, 

subsets of posts are annotated for explicitly- or implicitly expressed attitudes and 

persuasion attempts. Fine-tuned neural networks are trained on this data to identify the 

use of narrative strategies automatically in the remaining comments (Chapter 3).  

I then focus on the prevalence and impact of a well-studied frame duality within 

and without argumentative discourse: Whether anecdotal or generalized content forms the 

basis of a comment’s policy narrative. To enable this analysis, a separate corpus of news 

and Reddit is annotated at the clause-level for several linguistic indicators of anecdotes. 

Neural networks are trained on this data to separate anecdotal and generalized themes 

across the large Reddit corpus (Chapter 4).  
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To distinguish narrative features that legalization follows from those that follow 

it, I infer user location using machine learning and compare narrative elements over time 

and across different states (Chapter 5). I find that legalization follows surges in 

generalized narratives while anecdotes serve as post-hoc signs of changing attitudes. 

Using my compositional model, I distinguish between different subtypes of the 

legalization antecedent: I show that the 2012 legalization milestone followed more 

Character-focused generalized narratives while more Plot-focused strategies coincided 

with the beginning of the end for prohibition in 2016. I then show that the shifts 

happened within a moralistic frame, making them invisible to previous morality-focused 

approaches. I finish the dissertation by summarizing the key points, limitations, and 

extensions (Chapter 6).  

Before wading into the detailed analyses, I would like to finish this chapter by 

briefly reflecting on the broadest takeaways from this work, or why the reader should 

care about my novel approach. My results show the feasibility of large-scale, fine-grained 

social media text categorization which targets highly abstract frames like generalized 

versus anecdotal narratives. As such it serves as a blueprint for similar attempts with 

similarly abstract concepts in noisy online data.  

My compositional neural networks for the task revealed novel insights into the 

structure of sociopolitical discourse. They captured not only the ebb and flow of frames 

that coincided with major social shifts, but also offered glimpses into the zeitgeist at each 

point in time that enabled them. Neither the sentiment-, lexicon- or topic-based 

methodologies, nor the less theoretical and less compositional neural studies of social 

media have proven capable of this feat, enabled by distinctions between various narrative 
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elements. It was only through the more detailed and eclectic methodology that potentially 

generalizable discourse antecedents and consequents of legalization could be uncovered 

and separated down to their subtypes. I hope that my demonstration of the framework’s 

success will encourage future researchers to conduct similar analyses about other hot-

button issues so that a more informed and harmonious public discourse may be achieved.  
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Chapter 2: Marijuana Legalization Discourse 

In Chapter 1 I laid out four hypotheses about the narrative frames that preceded or 

followed the massive attitude shift in the U.S. toward marijuana legalization. More 

specifically, I discussed conflicting evidence suggesting that shifts in favor of either more 

anecdotal or more generalized arguments may have served as a harbinger of the 

movement’s success. I also argued that surges in either frame but this time within non-

argumentative discourse may have been a consequence of the shift. These hypotheses all 

depend on the relative prevalence of frames in legalization discourse over the past dozen 

years. As such, answering them requires a reliable and representative sample of related 

conversations from the same time period.  

In this chapter, I will first discuss the methodological shortcomings that prevent 

previous studies and associated corpora from adequately addressing such hypotheses. I 

will then detail my approach to mitigating the issues and discuss properties of my novel 

corpus, arguably the most comprehensive and clean social media dataset for marijuana 

legalization to date. I extract the corpus’ major themes so that they can be related to 

generalized and anecdotal frames in the upcoming chapters, allowing me to address the 

hypotheses reviewed above. However, to interpret the relative prominence of the themes 

vis-à-vis the hypotheses requires a better understanding of how Reddit discussions are 

situated in the broader marijuana ecosystem, as all hypotheses discuss changes to an 

unknown discourse baseline. To address this challenge, I connect the themes extracted 

from the corpus to prior research on cannabis and related discourse.  
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Limitations of Social Media Research on Legalization 

There are limitations on social media research that are inherent to the 

methodology, but yet others that reflect researchers’ choice of platform and their 

simplifying assumptions. I will discuss each in turn in the context of computational 

research on marijuana discourse.  

Bias in the population of internet users is an inherent cost of performing less 

effort-intensive online discourse analysis since wealth predicts access to online resources. 

This shortcoming is often justified by pointing to the “naturalness” of online data 

compared with experiments. But the correlational nature of scraping naturalistic 

discussions from platforms means that any hints of causality reflected in the time 

ordering of such data must be confirmed in more experimental settings. Although much 

of the randomized noise should cancel out given the sheer size of social media corpora, 

the more controlled experimental environments are still informative for understanding 

which discourse factors are causally central to outcomes. I will discuss in each chapter 

the most relevant experimental findings, but by-and-large the questions better answered 

by more controlled methods are out of scope for this dissertation. Accordingly, my 

critique of the literature will also rarely address them.  

This brings me to limitations imposed by platforms and simplifying assumptions. 

They can be broadly classified into answers for two related questions: 1) Is the data 

reflective of marijuana legalization discourse? 2) Is it representative of discourse on the 

issue to the extent possible in social media contexts?  

Broad, computational analyses have had difficulty with the first criterion. The use 

of limited keywords for identifying relevant content (see, for instance, Motlagh et al., 
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2019) means that many documents unrelated to marijuana find their way into datasets. A 

word like “pot” would result in sampling sentences with “pot calling the kettle black” 

despite no reference to cannabis. One study found that up to 30% of sampled posts are 

unrelated to marijuana (Cavazos-Rehg et al., 2015). Noting that researchers often relate 

their results to legalization attitudes and outcomes, this is a conservative estimate: All 

studies have needlessly assumed that any general chatter about marijuana (e.g., properties 

and products) also impinges on legal status. The solution for such noisy data, however, is 

not to limit the keywords used. For instance, if the term “pot” is not included, much 

online discourse about marijuana would be missed. Instead, more sophisticated methods 

are needed to identify relevant content.  

Even if we ignore the level of noise in previous studies, issues with data 

representativeness require attention. Qualitative studies examine a small sample of 

participants/comments (e.g., Vannoy, 2019). This is understandable given the effort-

intensive nature of their manual procedures but has resulted in conflicting findings based 

on sampling choices (Park & Holody, 2018). This is particularly an issue with social 

media because subscription dynamics affect which types of users are attracted to which 

communities (see Roozenbeek & Salvador Palau, 2017, for evidence from Reddit). 

Differences in moderation further reduce the generalizability of results from limited 

communities. Furthermore, discussions in more general forums during which a topic like 

marijuana legalization is brought up are lost in research on, say, drugs-related debate 

websites. The former discussions are just as relevant to understanding the evolution of 

issue-specific discourse and situating it within broader societal trends and may not match 

in detail or focus the contents of specialized forums. 
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A second issue with representativeness is specific to large studies’ almost 

exclusive focus on Twitter, which due to sampling and character limits precludes 

unbiased analysis of full-fledged discourse (Wu et al., 2020). Reddit has been ignored in 

the literature but in contrast provides unlimited textual context on a platform geared 

towards discussion. With full access to every Reddit submission and comment (via 

pushshift.io), its less detailed user demographics are easy to justify. Both Twitter and 

Reddit are incredibly popular, which means coverage of the population cannot be used as 

an argument in favor of Twitter (Reddit is the 7th and Twitter the 28th most viewed 

website in the U.S. as of this writing, although app-based traffic may differ; 

https://www.alexa.com/topsites/countries/US).  

Based on these properties, I contend that Reddit is a better platform than Twitter 

for studying sociopolitical discourse. We should, nonetheless, note generalizability 

caveats that are shared between the two websites. Biases in favor of liberal, younger, 

wealthier individuals have been documented in both Twitter (Mislove et al., 2011) and 

Reddit (Duggan & Smith, 2013). Partly because income correlates with pro-legalization 

attitudes, marijuana’s portrayal is overwhelmingly positive on Twitter compared with the 

general population (Krauss et al., 2017), a finding that I replicate for Reddit in Chapter 3.  

Despite these shortcomings, there are indications that studies of such popular 

platforms can provide valid hints about broader societal patterns. For instance, regardless 

of the baseline bias, many of the demographic correlates of pro-legalization stance have 

been confirmed in Twitter datasets. The non-White share of a population, youth and male 

identity are predictors of positive legalization attitude (Keyhani et al., 2018). Since 

attitudes translate into legal changes in a democracy, the percentage of individuals in 
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each U.S. state who are foreign-born and non-White predicts legalization status later in 

time (Spetz et al., 2019). Correspondingly, Blacks, Hispanics and younger, male users are 

more likely to support legalization on Twitter (Cavazos-Rehg et al., 2014; 2015).  

A more worrying shortcoming is the cross-sectional nature of previous large-scale 

studies. The longest spanned no more than six months (Motlagh et al., 2019), making it 

all but impossible to find the correlates of an attitude shift that happened over a decade. 

This shortcoming can explain why most findings have been limited to demographical 

descriptions and comparisons of human users and bots. The only Facebook investigation 

of marijuana discourse provides a particularly stark example of what limited temporal 

range combined with careless data gathering can do (Tran et al., 2018): The most 

prominent finding of the study was a high correlation between like and love reactions. 

I study Reddit data for a more representative sample of natural discussions about 

marijuana legalization than Twitter affords, contending that despite the population bias in 

both platforms, many meaningful societal hints may be picked up from its study. Instead 

of a limited sample, I examine every comment from 2008 until 2019, covering the period 

of mass attitude shift for which discourse markers are to be determined. To ensure that 

only content related to marijuana’s legal status is included, I use an extensive extraction 

and filtering pipeline that allows for comprehensive and iteratively refined identification 

of relevant comments regardless of where they occur on a platform (extended from 

Hemmatian et al., 2019b). Together, these steps mean that only relevant discourse is 

studied, and as representative a single-platform sample of it as possible is extracted, 

mitigating the discussed data quality issues.  
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I, however, make simplifying assumptions of my own, which I contend are less 

central to the analysis goals. Before discussing the details of my data curation, I highlight 

the two major simplifications: 1) I focus only on Reddit comments and ignore original 

submissions. The original submissions constituted a separate pushshift data dump, the 

analysis of which alongside comments would have been too time-consuming. Since 

comments represent the bulk of discussion on Reddit and there is little reason to believe 

that discourse patterns would differ between the two content categories in major ways, I 

decided to focus on comments. 2) I have ignored in my analysis the thread structure 

between comments in order to simplify calculations. The latter information is extractable 

from the corpus I have developed, allowing the limitation to be addressed in the future. 

Corpus Development Approach 

Data development and analysis was performed in Python and R using data from 

pushshift.io (Baumgartner et al., 2020). Developed resources are available through 

https://github.com/BabakHemmatian/Marijuana_Legalization_Corpus_Study. I examined 

billions of comments across Reddit from 2008 until the end of 2019 to initially identify 

comments relevant to marijuana legalization. Hyperthreading and cluster computing were 

employed to finish this step in a plausible timeframe. Two sets of phrases combined into 

regular expressions (regexes) were used for establishing potential relevance. The goal in 

developing regular expression sets was to ensure the most comprehensive and exclusive 

coverage of relevant discourse. To ensure comprehensiveness, I included as many 

synonymous expressions in the initial set as possible based on several lexical sources, 

including thesaurus.com and the Drug Enforcement Administration’s list of related slang 

and code words (https://www.dea.gov/documents/2018/2018-07/2018-07-01/2018-slang-

https://github.com/BabakHemmatian/Marijuana_Legalization_Corpus_Study
https://www.thesaurus.com/
https://www.dea.gov/documents/2018/2018-07/2018-07-01/2018-slang-terms-and-code-words
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terms-and-code-words), adding more as I examined for relevance sampled comments 

based on successive iterations of an increasingly refined regex. Among those comments, I 

predetermined as acceptable a precision greater than .9 among randomly sampled 

comments from several years that span the focal period. The set of expressions were 

applied to comments from 2008, 2013 and 2018, and 100 comments were randomly 

extracted from the resulting datasets for each year. Four annotators including myself 

coded the comments for relevance based on whether the legal status of marijuana is 

alluded to or explicitly mentioned. If simple adjustments to the regex could exclude 

irrelevant comments, those adjustments were implemented. After 7 iterations of regex 

adjustments, 238 phrases were incorporated (see Appendix A), comprised of 89 

marijuana-related expressions with their variants (e.g., “cannabis”) and 149 legality-

related ones (e.g., “prohibition”). Of randomly sampled comments using the discussed 

regex, 83% were found relevant to marijuana legalization, although many of the 

remaining content was related to marijuana if not its legal status. Ratings can be found in 

the GitHub repository. 

When no regex adjustments were indicated anymore, language filtering was 

performed using langdetect (https://pypi.org/project/langdetect/) to remove non-English 

content. Unsupervised theme identification (Blei et al., 2003) extracted 50 topics in the 

dataset resulting from the latest regex, which were then filtered to remove irrelevant, but 

systematically included comments that were too infrequent to notice earlier using random 

sampling. Five comments most representative of each topic were extracted and rated for 

relevance to marijuana legalization. An off-the-shelf implementation of a transformer-

based binary sequence classifier (HuggingFace’s RoBERTa-base; Liu et al., 2019; Wolf 

https://www.dea.gov/documents/2018/2018-07/2018-07-01/2018-slang-terms-and-code-words
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et al., 2019) was trained on all of the relevance ratings obtained from four independent 

annotators (1,005 unique comments) to further prune the dataset. 

I evaluated the trained classifier using both balanced and random sampling of 

comments. Five hundred and forty documents, equally chosen from those rated as 

relevant or irrelevant by the network, were assigned equally to three annotators with 20% 

overlap to determine interrater agreement. Cohen’s (1960) κ for all pairs of annotators 

was >0.8. Cohen’s measure determines how much more likely two annotators are to 

agree with one another in their ratings than to disagree. He suggested considering values 

between .81 and 1 as “almost perfect” agreement.  

Relevance classification precision on the balanced set was 0.91, recall 0.79, 

resulting in an F1 score of 0.85. A further random sample of 270 documents with 20% 

overlap across annotators showed perfect κ scores for all inter-rater pairs, a precision of 

.91, recall of .95 and a resulting F1 score of .93.  

After filtering the dataset based on model predictions, the three annotators rated a 

second set of 270 randomly selected documents to ensure that the relevance rate has 

improved. Interrater agreement was once again perfect, and precision was similar to the 

previous sample (.91). The proportion of documents rated by human annotators as 

relevant was .92, showing an almost ten percent improvement over the regex method and 

a degree of exclusivity surpassing the predetermined threshold. Almost every irrelevant 

remaining document focused on marijuana but not legalization, highlighting exceptional 

data quality compared with previous attempts (e.g., Cavazos-Rehg et al., 2015). 

The corpus development pipeline described above is not standard procedure in 

computational social science, where studies routinely skip several or all of the steps. As 
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such, the relative effectiveness of the various steps is unclear. As briefly discussed above, 

the proportion of comments irrelevant to the issue under study may serve as a helpful 

guidepost and can be extracted for all of the steps from this dissertation’s repository. But 

it does not answer all relevant questions. For instance, would any of the dissertation’s 

main results change if one of the steps is not performed and the corpus contains a larger 

proportion of irrelevant content? Maybe even without iterating through regexes, unrelated 

comments will be in unique topics and thus more easily excluded in a post hoc manner.  

Ablation studies where analyses are repeated while skipping various steps would 

be helpful for addressing this and similar possibilities, separating steps that are essential 

for signals to present themselves from optional steps that simply make patterns clearer. 

While such extensions are beyond the scope of this dissertation, they are straightforward 

to perform for the marijuana corpus. Once done, they can be used as part of a best 

practices guideline for developing social media samples in effective, yet efficient, ways. 

General Corpus Characteristics 

The final corpus includes 3,059,959 documents, composed of 300,648,407 tokens 

and 2,290,657 unique terms for an average comment length of 98 tokens8. It is stored in a 

SQL database accessible through GitHub. The database includes comment text along 

with indices that connect each to the relevant entry within the pushshift.io data dump. 

Subreddit, author, relative number of upvotes versus downvotes, year and month of 

posting, human ratings where available, and machine learning-based labels from Chapters 

 

8- In the rest of this manuscript the term token is used to refer to units of text that are normally separated by 

a space. They would correspond to words in the vast majority of cases. However, they may sometimes 

reflect subwords, or other linguistic entities. Note that the number of unique tokens includes usernames or 

other proper nouns and as such the count far exceeds the number of conversational English words. But such 

tokens are still informative for our purposes as they represent specific entities over generic kinds. 
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3-5 all accompany each entry. Some of these elements are not part of the analyses 

reported in this dissertation but may prove fruitful for future investigations. 

In terms of number of documents, this dataset is an order of magnitude larger than 

the most comprehensive previous attempt (~300,000 Tweets; Motlagh et al., 2019). This 

is an important feature if we are to claim that the relative prominence of certain discourse 

themes is generalizable to societal discussions more broadly. However, as the left panel 

in Figure 2.1 shows, the distribution of documents is not uniform over time. This is partly 

due to Reddit’s increasing popularity in recent years 

(https://www.statista.com/statistics/325144/reddit-global-active-user-distribution/). But 

the right panel in Figure 2.1 shows that marijuana legalization’s share of overall Reddit 

chatter has also grown, showcasing increased interest in it as a topic of discussion which 

coincides with attitude and legal shifts. 

 

Figure 2.1. Frequency (left panel) of marijuana legalization comments as a function of time, and 

the proportion of Reddit comments at each timepoint represented by that frequency (right panel). 

 

The number of comments posted by each author in the corpus shows a power law 

distribution (Figure 2.2). This is in line with results from other social media studies about 

marijuana, where a few handles generate much of the discussion while many users 

contribute very little (e.g., Dai & Hao, 2017). Several of the top contributors with 
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thousands of included comments could be identified as moderator or social bots based on 

their usernames (e.g., ‘AutoModerator’ with a comment count of 2,196). Several others 

seem to represent marijuana-focused activist accounts (e.g., ‘legalpothead’ with 1,615 

comments). Both types of accounts have been mentioned by past research on other 

platforms as particularly prominent (Park & Holody, 2018).  

 

Figure 2.2. Number of authors (y-axis) with comment counts in particular ranges (x-axis) 

 

It is important to address what the presence of bots means for the analyses I report 

later in this dissertation. Off-the-shelf machine learning options for removing bots from 

Reddit corpora exist (e.g., https://briannorlander.com/projects/reddit-bot-classifier/), 

although more limited than those developed for Twitter. However, the topic modeling 

analysis discussed in the next section mitigated issues with bot-generated content by 

creating specific themes for it given its repetitiveness. For instance, a discourse theme 

focused on bot-administered moderation was found and excluded from analyses.  

Like users, the distribution of subreddits (Reddit communities) contributing to the 

corpus is biased (Figure 2.3), but nonetheless shows a range of discourse focuses. 

https://briannorlander.com/projects/reddit-bot-classifier/
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Communities with debate (r/AskReddit), informational (r/trees, which despite the 

innocuous name is only about cannabis) and news-sharing (r/news) focus are all heavily 

represented. Given Reddit’s documented ideological bias (Duggan & Smith, 2013), it is 

unsurprising that Left-leaning groups like r/politics are more prominent than Right-

leaning ones like r/The_Donald. However, the presence of tens of thousands of comments 

from the latter means that Right-wing talking points can also be fruitfully examined in the 

dataset. The inclusion of r/Canada among the top subreddits is also noteworthy. The 

significant contribution of non-U.S. users provides the impetus for using geolocation 

inference in Chapter 5 to isolate U.S. discourse patterns. 

 

Figure 2.3. The frequency of comments from the 15 most frequent subreddits in the corpus 

 

Subreddits can tell us about communities of discourse participants and to some 

extent constrain what is talked about but are otherwise coarse measures for content. 

Therefore, I perform topic modeling on the entire corpus to identify the key themes of 
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conversation regardless of where they occur, and to offer quantifiable but also 

interpretable summaries of their content.  

Topic Modeling 

Topic modeling is a popular family of machine learning methods for classifying 

textual content into a set of (often not pre-determined) themes based on how often a word 

appears in the context of others (Alghamdi & Alfalqi, 2015). Bag-of-words models are a 

subset of this broader class that ignore word order and consider words used within the 

same document (in our case the same Reddit comment) as co-occurring. I use an early 

bag-of-words model called Latent Dirichlet Allocation (LDA; Blei et al., 2003) which has 

maintained its popularity due to its robustness and intuitive nature9.  

LDA is an unsupervised algorithm that represents each discourse theme (called a 

topic) as a probability distribution over words. For instance, the word “bank” may have 

high probability under topics on economy and nature, but low probability given others. 

Each document is represented as a mixture of topics, each word within it sampled from a 

topic according to its probability distribution. Given the number of topics to learn and a 

body of texts, approximate Bayesian inference is used to find topic a distribution that 

maximizes the likelihood of the observed corpus (Griffiths et al., 2007). Further 

hyperparameters control model granularity: How many topics an average document is 

sampled from, and how concentrated on particular words each topic’s distribution is. I 

use a combination of quantitative and qualitative measures to determine the best number 

 

9- I tested one of the most recent variations of topic modeling for sociopolitical discourse, the Text Based 

Ideal Points model (TBIP; Vafa et al., 2020), before settling on LDA. TBIP has the benefit of identifying 

partisan versions of themes and assigning partisanship scores to authors. However, because it has many 

more parameters it could not be applied to the entire corpus and, perhaps for the same reason, proved non-

robust when applied to a smaller sample of prolific Reddit users. 
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of topics for the marijuana legalization corpus. I fix the other two hyperparameters at 

values that encourage fewer topics per document and fewer high probability words per 

topic to enhance interpretability.  

Model Training and Interpretation 

Data was preprocessed for topic modeling by removing stopwords (based on 

Natural Language Toolkit; Perkins, 2014), punctuation, special characters and rare 

(frequency <5) or ubiquitous tokens (in >.99 of documents). I retained some commonly 

included stopwords that may relate to generalized versus anecdotal language (e.g., 

“ought”; see Appendix A for the list of retained stopwords). Tokens were lemmatized 

(SpaCy; Honnibal et al., 2020) and vocabulary was capped at 200,000. I used gensim’s 

implementation of Latent Dirichlet Allocation (Blei et al., 2003; Hoffman et al., 2010). 

Granularity hyperparameters were fixed at .1 to encourage assigning high probability to 

fewer words in each topic and to fewer topics in each document.  

To determine the number of topics, I trained separate models with 25 to 100 

topics, in 25 topic increments. One percent of the documents, randomly chosen, were 

used as an evaluation set. Per-word perplexity was stable across models with no 

indication of overfitting (range: [202.95,215.28] for training, [1.60,8.57] for evaluation). I 

used the rate of change in per-word perplexity per added topic (Perplexity Change Rate 

or PCR; Zhao et al., 2015) to identify the best number of topics, which outperforms 

simpler measures. Higher perplexity rates for models with 75 and 100 topics across 

training and evaluation sets ruled them out (average training PCR: .22; average 

evaluation PCR: .09). While the 25 topics model boasted lower training PCR than the 50 

topics model (-0.16 versus 0.14), the advantage was lost in evaluation (both 0.06). I used 
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qualitative examination to choose the more interpretable model between the two. This 

step involved manual study of the 40 most likely words under each topic for the two 

models, as well as each topic’s top five unique, sufficiently long (>40 tokens), and most 

representative comments (based on the percentage of tokens for which that topic is the 

most likely sampling source). To ensure uniqueness of comments, I filtered comments 

with topic contribution percentages almost identical to another top comment (difference < 

.01%), indicating reshares, short retorts to quotes, or otherwise repeated content. This 

resulted in choosing the 50 topics model. 

Of the 243 documents qualitatively examined for choosing the best topic model, 

only two were irrelevant to marijuana legalization and one was in a non-English 

language, highlighting the exceptional integrity of the dataset. Eight topics were 

designated as unusable, either because they lacked an intuitively appreciable theme or 

since they related to Reddit moderation and platform maintenance. While coherence 

measures can provide initial insights into the usability of topics, such qualitative 

examinations remain the gold standard. The remaining topics were given tentative titles 

using the most representative documents. Representativeness was automatically 

determined based on the proportion of tokens assigned to a particular topic for all 

comments throughout the corpus, but the coining of titles was manually performed. 

To confirm the focus of each topic reflected in the top comments, I used a 

probability-based measure for identifying the 40 words most representative of them. Out 

of the top 200 words based on conditional probability under each topic, the top 40 

according to the following criterion were subsampled to represent its focus: 

𝑅𝑤𝑥 =  𝑝(𝑤|𝑡𝑥) −
∑ 𝑝(𝑤|𝑡)𝑇

𝑡≠𝑡𝑥

|𝑇|−1
 (Equation 2.1) 
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Where Rwx is the representativeness of the word w given topic tx. The first term is 

the probability of w given tx. The second term represents the average probability of w 

across all topics in T excluding 𝑡𝑥, where T is the set of all topics with 𝑝(𝑤|𝑡) > .01. The 

double vertical lines denote cardinality. The equation formalizes the intuition that unique 

representativeness of a word given a topic is a function of not only its conditional 

probability, but also how much higher that probability is relative to other topics with non-

zero assignments for that term. The resulting keywords are collectively indicative of 

intuitive themes for all 42 topics as seen in Appendix C and were therefore used to make 

their tentative titles more accurate.  

Topic Clustering 

I clustered the 42 coherent topics into more abstract groups to allow more 

generalizable classification of discourse themes and simplify result presentation. Another 

justification for this step was to see if the anecdotal and generalized frames in Chapter 4 

form largely disparate clusters based on the words they use. I will map the clusters 

derived here onto dimensions of interest in the coming chapters. For now, I will provide a 

non-theoretical account of the procedures and the content focus of the major groupings. 

The topic model assigns topic-specific probabilities to every word in the 

vocabulary based on its cooccurrence with other words within each document. Together, 

these values serve as a high dimensional space with each topic represented by a point, 

showing a particular cooccurrence pattern in the probabilities it assigns to different terms. 

To see how the topics cohere together, I performed hierarchical agglomerative clustering 

using the sklearn Python package on the 42 points representing the coherent themes. L1 

distance metric and complete linkage criterion were employed. The number of clusters 
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was automatically determined based on classification error reduction. The unsupervised 

algorithm grouped themes into eight clusters and a number of non-clustered topics. Since 

noisy dimensions can produce unpredictable outputs in high-dimensional clustering, the 

robustness of results was examined using only the top half and top third of vocabulary 

tokens under any topic. The groupings remained mostly the same (see Appendix C). As 

can be seen in Figure 2.4, the major final clusters are interpretable abstractions of the 

lower-level topics and cover a range of approaches to marijuana legalization.  

The Frames and Themes of Legalization Discourse 

I discuss the contents and trends of key clusters in my novel Reddit corpus within 

Chapter 5 after the needed machinery is developed. For now, I will focus on the range of 

Reddit themes and compare them with previous studies of other media. A comparison 

with news allows us to distinguish formal and informal discourse and identify any 

interplay, while other social media highlight any platform-specific properties of Reddit.  

Partisan, Concrete News versus Personal and Abstract Social Media  

It terms of content, four major frames were prominent in marijuana news around 

2015: Criminological, economic, medical, and political (Lynch, 2021). A good portion of 

Reddit chatter is related to discussions surrounding shared news links. It is therefore 

unsurprising that all four major themes are reflected in the Reddit corpus. The 

criminological news framing is shared by the Legal definitions and procedures, 

Enforcement and Crimes and politics clusters, as well as non-clustered topics like Laws 

and observance or Legality and common use. Political news relates to several clusters in 

the Reddit dataset (Crimes and politics, Arguments about legalization) as well as non-

clustered themes (State vs. federal legalization, Geopolitics and State-level  
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Figure 2.4. The higher-level clusters (different colors) representing groups of LDA discourse 

themes (x-axis). Y-axis represents normalized L1 distance between topics.  
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timeline). The medical framing of news relates to many of the topics in the Types and 

uses cluster. Finally, the Economic forces independent topic on Reddit corresponds to the 

economic frame in news. 

Not all news frames, however, are created equal. Law enforcement and 

presidential/party shifts were much more prominent in news than economic or medical 

frames during 1995-2014 (Kim & Kim, 2018). The relative focus on these frames may 

have helped train the public’s attention on legal rather than health- or wellbeing-related 

aspects of legalization. Perhaps as a result of legal framing combined with general 

attention to the substance, exposure to news has been associated with both higher 

perceived legal risk and greater cannabis use (Beaudoin & Hong, 2012).  

The prominent political and criminological frames tend to be highly partisan, with 

presidential rhetoric in particular producing recognizable waves on social media (Stringer 

& Maggard, 2021). This may have created demographic differences in legalization 

attitudes which in turn further entrenched partisan formal narratives. We know, for 

instance, that political ideology and partisan leaning, as well as positions on related 

policy platforms like abortion and same-sex marriage are significant determinants of 

legalization position (Spetz et al., 2019).  

The four major news frames identify the more concrete focus of marijuana 

legalization discourse, what Narrative Policy Framework researchers have called “issue 

frames” (Brekken & Fenley, 2020). Research has recently begun to examine the more 

abstract “generic frames” in news coverage of the issue, which focus on “how 

communicators organize and structure information in a more compelling composition 

than the chronological order in which events take place”. These include “conflict” 



42 

framing, pitting competing policy viewpoints against each other, and “human interest” 

frames, focused on the costs or benefits of a policy to individual humans. Note that the 

broader frames may be correlated with certain concrete contents, but may be applied to 

any theme in principle, e.g., be it conflict between political parties or average citizens.  

Brekken and Fenley (2020) found that news discourse overwhelmingly favored 

conflict framing across the studied states during the period surrounding three major 

legalization bids. Such framing mixes well with partisan political and criminological 

content, perhaps explaining its appeal to formal outlets. Further detailed content analysis 

shows that not only did the mass media leave human interest out of its spotlight, but 

when individuals were depicted, the portrayal was focused on stereotypical, abnormal 

cases rather than the diversity of modern marijuana users (Mortensen et al., 2020).  

The more informal media like Reddit compensated for the impersonal news 

coverage. Anecdotal experiences and attitudes is by far the most common cluster in my 

corpus, accounting for more than ⅓ of all text. Its experiential content contrasts with the 

more generalized Crimes and politics, the second most common cluster, which is 

reminiscent of partisan news and trails far behind with only 14% of discourse (see 

Chapter 4). While Reddit chatter includes all of the major news themes, the more partisan 

frames couched in conflict frames are subdued in favor of personal content. 

Reddit conversations also compensate for the lack of meta-discourse in news. 

This theme is represented by clusters like Policy and Media and the Reasons and 

Arguments topic within Arguments about Legalization. Its absence in news can be 

attributed to the latter’s focus on concrete events and the perceived subjectivity of meta-
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discourse, while its relative prominence in Reddit points in part to user interpretations of 

the same pieces.  

The gap between the contents of social media discourse and news coverage could 

reflect decisions by reporters that have distanced the latter from the nation’s “pulse”, but 

they could also reflect natural and inevitable differences between formal and informal 

media. Either way, the divergence highlights the importance of examining both sources in 

tandem for a full picture of an issue’s societal context in future research.  

Expertise and Marijuana Legalization Discourse 

Given that a novel consensus emerged from the mixture of news and social media 

discourse, we may be tempted to consider their compositions beneficial. Nonetheless, 

what both types of media focused on had its own downsides. The “medical” frame 

highlights scientific studies about marijuana’s impact and has clear significance for an 

informed discussion of (de)regulation but remains an obscure issue frame in news (Kim 

& Kim, 2018; Lynch, 2021). The closest major Reddit cluster is Types and uses, which 

features detailed discussions of marijuana that regularly cite scientific surveys and 

medical expertise. This cluster remains overshadowed by both Anecdotal experiences and 

attitudes and Crimes and politics, covering only 9% of text, and even then, it is mostly 

comprised of non-argumentative and non-attitudinal content (see Chapter 3). Brekken 

and Fenley (2020) show that policy discussions surrounding marijuana suffer from the 

same shallowness that afflicts discourse about the substance itself. They bemoan the 

absence of the information-heavy “expository” frame during transition periods. This 

frame is typically focused on the substance of a policy, often found in hard news articles 

that neutrally describe implementation and how legislation will affect audiences 
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(Valentino et al., 2001). A similar pattern is seen in the Legal definitions and procedures 

cluster, whose informative legal frame is mostly non-argumentative and even less 

prominent than Types and uses throughout the study period (you can see the minor cluster 

patterns over time in Appendix F).  

Neglect of expository medical and legal discourse in both formal and informal 

platforms happened during a period of major decisions when such nuanced views were 

needed the most. That the lay U.S. public lacks adequate information about marijuana’s 

effects has been a recurring finding of both qualitative (Vannoy, 2019) and survey (Ishida 

et al., 2020) studies. This probably contributed to the public sentiments toward the 

substance which is more positive than research supports.  While the touted impact on 

crime rates is nowhere to be found (Morris et al., 2014), clinical evidence about the 

health effects of marijuana’s most common varieties remains rather negative: Several 

adverse effects are well-established, but benefits are as of yet relatively limited 

(Matheson & Le Foll, 2020; Hajizadeh, 2016; Lake & Kerr, 2017). In surveys of the U.S. 

population, however, legal complications are seen as more dangerous than health hazards, 

while there is widespread belief in medical benefits (Keyhani et al., 2018).  

Shortcomings of social media as conduits for public education partly explain both 

the steady decline in perceived risk of marijuana between 2002-2012 (Azofeifa et al., 

2012) and the public-expert perception mismatch. Such platforms are cited alongside 

peers as the most prominent information sources for developing opinions on cannabis, 

particularly among younger individuals (Park et al., 2020). Both exposure to and the 

contents of social media sources have been linked to cognitive beliefs (especially risk 
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perception) and consequently behavioral intentions regarding the substance (Roditis et 

al., 2016; Cabrera-Nguyen et al., 2016). 

If we ignore for a moment the methodological shortcomings discussed earlier in 

this chapter, recent studies of marijuana content on social media offer a more sinister 

cause for the public’s inadequate information than mere negligence. The media most 

often studied with respect to this issue (Twitter and to a much lesser extent Instagram) 

show strong influences of marketing by the marijuana industry. This has been a recurring 

finding in earlier research (reviewed in Park & Holody, 2018), and in more recent 

explorations using high-powered machine learning to separate advertisement bots from 

human users (Kursuncu et al., 2018). Compared with these financially motivated entities, 

health authorities lack significant influence in the same social media ecosystems (Krauss 

et al., 2017). Unsurprisingly, the advertisement- and advocacy-focused accounts take 

advantage of the knowledge vacuum and make little mention of negative health impacts 

but spread unsubstantiated claims about marijuana benefits in order to increase sales 

(Bierut et al., 2017; Allem et al., 2020). These same sources are often perceived by 

regular users as influencers or “young people”, presumably increasing acceptance of their 

disingenuously positive coverage (Park et al., 2020). Reddit -- the focus of this 

dissertation --is less advertisement-focused but is becoming increasingly affected by the 

same influences (Gesenhues, 2019).  

Public discourse’s lack of informational nuance may have various reasons, but 

regardless of its origins we would do well to remember this facet when interpreting the 

results of upcoming chapters. That a particular shift in discourse coincided with 
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successful consensus-building does not necessarily imply that it favored informed 

decisions. 

Cross-platform Discourse Themes 

So far, I have provided an overall comparative characterization of marijuana 

discourse in news and social media mostly based on statistics from my Reddit corpus and 

prior research into news coverage. To ensure that this characterization of formal and 

informal marijuana discourse is accurate and generalizable, the findings must be mapped 

onto other platforms.  

Despite its focus on poly-substance use, Krauss et al.’s (2017) manual 

examination of thousands of tweets can be helpful in this regard. The researchers looked 

at posts mentioning both alcohol and marijuana, classifying them based on normalization 

of use as well as broad content themes. In comments normalizing both alcohol and 

marijuana, personal themes predominated (e.g., using with friends and effect on 

sex/romance). Comments showing a preference for marijuana were divided between 

Types and uses-style comparison of general effects and simply proclaiming a personal 

preference. While the patterns confirm the prevalence of both anecdotal and generalized 

frames across platforms, missing are the political and criminological dimensions. Also 

absent are the meta-discourse themes observed in Reddit comments.  

More computational examinations have shown similar patterns in larger datasets. 

Allem et al. (2020) looked at unigram (one-word) and bigram (two adjacent words) 

frequencies in tweets about marijuana. The medical frame (similar to Types and uses) 

comprised half of their ten discourse themes. Person tagging and comments on the appeal 

of cannabis can be seen as analogues of the more anecdotal topics in Krauss et al. (2017). 
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However, economic discussions about cannabis industry and product transactions were 

also noted, perhaps missing from Krauss et al. (2017) due to poly-substance focus. 

Surprisingly, political, criminological, and meta-discourse frames were again absent. 

I mentioned earlier several methodological flaws in past social media research on 

marijuana. The differences between my discourse themes and those uncovered on Twitter 

likely reflect the same issues rather than serious cross-platform differences. The lack of 

meta-discourse on Twitter, for instance, is likely due to the imposed character limit which 

precludes detailed exposition of one’s arguments. More troubling are confounded coding 

schemes which contributed to the unusual absence of criminological and political frames. 

Krauss et al. (2017) included unusually vague categories in their study (e.g., “[tweet 

states that] marijuana is safer than alcohol or [the tweet] supports the legalization of 

marijuana”). The non-hierarchical analysis of Allem et al. (2020) deemed 42% of all 

Tweets “too varied” to be marked by a coherent theme (Allem et al., 2020). The ignored 

half of the corpus may have represented these missing facets.  

Krauss et al.’s (2017) categories simply reflect bad annotation practices that can 

be amended in similar follow-up studies, but Allem et al. (2020) show the failings of non-

hierarchical discourse representation. Such approaches in principle cannot represent the 

different meanings of the same word in various contexts, leading to a range of 

representation inaccuracies (Griffiths et al., 2007). Beyond flat-out failure in representing 

much of the discourse, they miss the ebbs and flows of even the included topics 

compared with hierarchical models (Hemmatian et al., 2019b).  

Other cross-platform differences are less problematic and more a matter of 

researcher choice. The relative prominence of economic transactions in Twitter studies 
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shows the inclusion of advertisements, which indeed may have impacted public 

discourse. Such content is less frequent in my dataset partly because of the additional 

requirement that every comment mentions legal status: Advertisements often leave the 

product’s legality implied in the propagation of their content. The relative prominence of 

cannabis types in Twitter studies is likely due to similar differences in corpus focus.  

Summary and Conclusion 

I started this chapter by reviewing my guiding hypotheses about the narrative 

frames that precede or follow major attitude shifts. To test the hypotheses in the context 

of marijuana legalization required a reliable and representative sample of relevant 

discourse, as well as careful attention to the inherent shortcomings of correlational social 

media research. I argued that despite the noted limitations, many societal trends are 

nonetheless recoverable from online datasets.  

However, exclusivity and comprehensiveness problems dogged the extant 

literature on marijuana legalization, precluding conclusive answers to the focus 

hypotheses. The shortcomings resulted, for instance, in Twitter investigations missing 

thematically important political and criminological frames, while exaggerating the role of 

advertisements due to particular data-gathering procedures.  

Mitigating such problems, I developed by far the largest and cleanest corpus on 

marijuana legalization from Reddit. As is the case with most social media, distributions 

of comments over time, authors and communities were unequal, but many parts of the 

discourse ecosystem were nonetheless well-represented. Discussing differences with past 

social media corpora, I concluded that reliable disparities in findings across major 

platforms are unlikely. Such generalizability is important for connecting the harbingers or 
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antecedents of the attitude shift in my corpus to those of the U.S. marijuana discourse in 

general. As such, it serves as a necessary link between the data and my guiding 

hypotheses. 

I applied unsupervised machine learning to the corpus, finding its prominent 

themes and clustering them into more interpretable groups. This will allow me in later 

chapters to identify the content focus of generalized and anecdotal frames, and how they 

appear together in public discourse. The clusters and their constituent topics later prove 

crucial for understanding the generalized shift that legalization follows.  

The hypotheses, however, address changes to themes that occur against a 

backdrop of baseline marijuana discourse, the nature of which is not immediately clear. 

To better situate the Reddit discussions, I compared the themes with formal news 

discourse, finding a focus in the latter on conflict-salient political and criminological 

content. Informal Reddit conversations reflected news themes to some extent, but 

comparatively prioritized personal and meta-discourse subjects. The distinction between 

personal and impersonal highlights the need for merging studies of formal and informal 

discourse in future research but will also return as an important dimension of the attitude 

shifts in Chapter 5. 

Despite their differences, both news and social media arguments mostly ignored 

informative legal and medical aspects of legalization. Based on the literature, I argued 

that this finding explains the public’s lack of knowledge about marijuana and its 

regulation, but also the fact that consensus in favor of legalization happened before the 

scientific evidence had accrued. This distinction between consensus-building and 

informed discourse will also make a comeback in Chapter 5.   
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Chapter 3: Narrative Strategies: Attitude and Persuasion 

Attempt 

This dissertation aims to understand the discourse correlates of attitude change. 

Narrative Policy Framework (NPF) argues that narrative strategy is what connects the 

contents and forms of narratives to policy learning and beliefs. It defines narrative 

strategy as “tactical portrayal and use of narrative elements to manipulate or otherwise 

control policy-related processes, involvement and outcomes” (Jones et al., 2014, p. 9). 

Politicians, advertising agencies and NGOs spend a massive amount of effort, time and 

money on campaigns that push particular narratives about topics of public interest, which 

is a testament to widespread belief in the efficacy of narrative strategies. Experimental 

and qualitative studies have confirmed their usefulness by showing that changes to 

elements of narratives can indeed enhance or degrade their persuasive potential (Jones, 

2014; McBeth et al., 2007; 2010). 

As a result, my guiding hypotheses about discourse properties accompanying the 

marijuana attitude shift rest upon distinctions between strategic and non-argumentative 

discourse. In particular, the shifts in favor of anecdotal or generalized frames that serve as 

potential causes for attitude change are expected to feature more heavily in strategic 

narrative use. By contrast, the shifts that are potential consequences of societal change 

are expected to represent more of the non-argumentative discourse segments. 

Distinguishing evidence for the two sets of hypotheses requires separating the two 

primary modes in which narratives are employed. The latter is this Chapter’s focus. 

Prior NPF research characterizing narrative strategies has primarily favored 

detailed and qualitative expert analyses, either following direct observation of interest 
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groups or through the use of small datasets tailored to particular issues. Examples include 

the environmental policies of the Greater Yellowstone Coalition or narratives targeting 

common Climate Change denial arguments (Jones, 2014; McBeth et al., 2010). If we are 

to identify the use of narrative strategies across Reddit discussions, we need more 

scalable methods. I search for a more automatable characterization of narrative strategy 

by connecting the key features of Jones et al.’s (2014) definition with concepts measured 

in other disciplines. 

Two key properties of a narrative strategy are embedded in the meaning of 

strategic. First, the text must (either explicitly or by implication) express support for a 

relevant Policy Solution. If no policy position is favored, there is no goal to the story that 

would require strategic exposition. This property is related to the psychological notion of 

attitude, defined as “a psychological tendency that is expressed by evaluating a particular 

entity with some degree of favor or disfavor” (Eagly & Chaiken, 1993, p. 1). Here, the 

entity in question would be the particular policy of interest. The second key property is 

intentional (strategic) use of narrative elements to persuade others in favor of the 

preferred policy attitude. This is related to the notion of social influence in psychology 

and its study of what makes persuasion attempts more successful (Cialdini, 2006). If we 

identify the portion of discourse that expresses a clear policy attitude and includes a 

clearly expressed or implied persuasion attempt, the prominence of narrative elements in 

this subset compared with the rest of social media conversations can shed light on the 

nature of narrative strategies.  

Attitude and persuasion attempts are necessary ingredients that help us pinpoint 

strategic uses of narratives; but they do not provide a full representation of the strategies 
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themselves. I briefly mentioned in Chapter 1 that linguistic theories distinguish anecdotal 

frames from generalized ones (Smith, 2003; Werlich, 1983; Adam, 1992). These types of 

narrative structure are theorized as fundamentally different discourse modes, each 

expected to correlate more strongly with a different array of common building blocks 

(clause types) and semantic relations. The more generalized frame in linguistic theories is 

often called argumentation, with clear connections to the notion of narrative strategy. As 

such, the linguistic theories offer a fertile source for hypotheses about the structure of 

persuasive discourse. I examine attitude and persuasion attempt detection in this chapter 

as a window into the usage of narrative strategies. I will then focus on connecting 

strategies to their common linguistic ingredients in Chapters 4-5. 

Attitude 

Attitudes are often quite complex. For instance, a voter may have a positive 

opinion of marijuana decriminalization due to its incarceral impact while holding a 

negative attitude toward recreational use because of health hazards. Each of these 

attitudes may come with an interconnected set of beliefs and trusted sources. 

Nonetheless, presumably all of the more sophisticated inferences can still be distilled into 

a singular dimension: overall attitude toward the broad policy. If that were not the case, 

acts like intentional voting in favor of or against a piece of legislation would not be 

possible. Computational social science has substituted the theoretical nuance of 

psychological attitude representation for the scalable simplicity of representing that 

singular dimension (for instance, compare the research surveyed in Feldman, 2003, with 

that covered by AlDayel & Magdy, 2021). The task of extracting the overall subjective 

valence towards a certain policy is called stance detection in computer science and allied 
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disciplines. Given the size of my dataset and the complexities of multi-aspect corpus 

modeling (Ghosh et al., 2019), I take the sizeable literature on computational stance 

detection as the starting point for my characterization of attitude (AlDayel & Magdy, 

2021). This means I also consider the overall subjective valence toward marijuana 

legalization as my attitude measurement, glossing over more nuanced distinctions. This is 

simply meant to simplify the computational task and facilitate comparison with the 

broader literature. Future research may opt for a more nuanced look at marijuana stances. 

A common mistake in the computer science literature is to equate attitude with 

sentiment, or the overall emotional valence of a document. For instance, Motlagh et al. 

(2019) argue that the attitude shift in favor of legalization can be observed through the 

overall more positive sentiment in marijuana-related tweets towards the end of 2019. The 

commonness of this approach is presumably due to sentiment’s easier extraction from 

text. Stance classifiers often require fine-tuning with additional human data before they 

align with the attitude dimension central to a particular study’s task. Sentiment packages, 

on the other hand, are often used in an off-the-shelf manner. Researchers, however, have 

failed to find any reliable association between overall sentiment and author attitude 

(AlDayel & Magdy, 2019). Despite the shortcomings of simple sentiment measures, I 

estimate them in my corpus using an ensemble of two common packages. The goal is to 

connect my research to previous atheoretical work on marijuana legalization.  

More careful computational researchers address stance detection head-on, but 

often simplify the task by discretizing their attitude scale (AlDayel & Magdy, 2021). One 

common variant favors three-way classifications for computational simplicity that mark 

overall opposition, neutrality, or support with respect to a policy (e.g., AlDayel & 
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Magdy, 2019). In the case of marijuana legalization, the three-way stance classification 

would intuitively be the following: Whether a user is overall in favor of reduced 

marijuana regulation (i.e., pro-legalization), indifferent about it, or instead supportive of 

the status-quo or increased regulation (i.e., anti-legalization). Some stance detection 

researchers go even further in their simplification, dropping the neutral classification and 

focusing on negative versus positive stances (e.g., Darwish et al., 2017). This approach 

only works if issues are highly polarized so that neutral users are not misclassified often 

enough to shift the corpus balance. 

Previous social media stance detection has focused on Twitter users, where 

feature-engineered linear-adjacent models at times perform as well as or even better than 

more recent neural networks (AlDayel & Magdy, 2021). The models are often trained 

using small human-rated samples of influential users’ posts. Usually the labels assigned 

to this “seed” dataset are then propagated to individuals who routinely follow, like or 

reshare labeled users’ content. Textual features such as common words or hashtags are 

often incorporated. Text analysis architectures commonly favor less sophisticated but 

more robust methods than is common elsewhere in computer science. However, network 

features such as comments, likes and friend lists usually outperform the text-focused 

measures and therefore have received greater attention (AlDayel & Magdy, 2021).  

Several factors mean that the common approach I just summarized cannot be 

taken towards stance detection in my corpus. First, network features are absent for the 

most part in my dataset. The pushshift Reddit repository contains only subreddit, 

username and unique thread identifier as network-related features (Baumgartner et al., 

2020). I make use of the first two elements in my analysis but tracking thread structure 
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for all >3M comments among the billions of entries in the repository is too 

computationally expensive for the current dissertation. Second, the relative success of 

network features may be a function of Twitter’s limited textual context rather than an 

inherent property of the stance detection task. Given the greater prominence of text in 

Reddit, a more standard neural approach may yield results that are just as good.  

The final issue with the common stance detection approach is the most damning 

given the goals of this dissertation. Previous studies have used a user-centric 

methodology, where stance is a property of the individual and different documents 

authored by the same person reflect the same stance variable. This means that a user’s 

stance regarding a policy is assumed to be constant over time, in order to simplify 

calculations and get more robust latent variable estimates. The assumption is defended 

using the fact that policy attitudes are indeed relatively stable, especially when it comes 

to polarized issues (Freeder et al., 2019). Furthermore, most previous social media studies 

(including all of the ones on marijuana) are cross-sectional in nature, rarely spanning 

more than a few months (see Park & Holody, 2018; Motlagh et al., 2019). During such a 

short period it is indeed unlikely that many attitude shifts would occur. However, when 

the focus is on finding discourse indicators of attitude change rather than the composition 

of attitudes at any single timepoint, the assumption becomes untenable. While a detailed 

user-level analysis is beyond the scope of this work, a document-centric classification of 

attitude would account for the possibility of different attitudes emanating from the same 

author, largely mitigating issues associated with this assumption.  
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My Computational Approach 

I take a text-focused approach to stance detection instead, where each document 

has its own stance score. The underlying assumption is that a user’s overall stance on 

legalization does not change throughout the same comment. This is a weaker and 

arguably more reasonable assumption than positing that the author’s attitude remains 

constant over time across their various comments. However, I recognize the resistance of 

user attitudes to change, which is why I also test whether including individual parameters 

for prolific authors improves model performance. Testing further parameters for common 

subreddits incorporates a coarse notion of the communities a user belongs to, in the 

absence of stronger network features. Finally, I use modern transformer-based text 

classifiers to extract more information from the textual context given its greater 

prominence on Reddit relative to Twitter. 

To train the model, several annotators rated the expressed attitude along a detailed 

scale in more than a thousand pseudo-randomly sampled comments. Separate labels were 

used for comments that contained neutral attitude from those that expressed no attitude 

whatsoever. The ratings also distinguished weak from strong support/opposition to 

legalization. Based on NPF, I expected narrative strategies to often take a subtle form in 

the comments. For instance, I expected attitude to be often reflected in an author’s one-

sided presentation of facts or the heavy integration of the substance in their self-disclosed 

lifestyle rather than through explicit statements of their beliefs. To account for these more 

subtle instances of attitude expression, I instructed annotators to mark implied attitudes as 

mild variations of support or opposition. 
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In the end, dataset limitations resulted in the use of a much more constrained 

classification scheme. Due to the liberal, young, male bias of Reddit demographics 

(Duggan & Smith, 2013) which is similar to that of the pro-legalization population (Pew 

Research Center, 2019b), only 6% of the rated comments showed negative attitudes to 

legalization10. Thirty-seven percent were designated as neutral, and the remainder showed 

positive attitude. Targeted sampling of negative attitudes failed. Consequently, validation 

and test performance were significantly worse for the rare negative label. Data 

augmentation methods (like SMOTE; Chawla et al., 2002) failed to rectify the 

performance imbalance. To address the problem, I decided to use binary attitude 

categories: negative and neutral as one class, with positive attitude marking the second. 

This allowed for balanced training and no signs of overfitting.  

While this coarser representation of attitude is unfortunate, the approach still 

distinguishes the stance that represents the emerging consensus about marijuana, and 

presumably the most successful narrative strategies as a result. In line with this 

interpretation, there is evidence that exposure to negative social media content about 

marijuana did not have a strong counteracting effect compared with the more positive 

frames (Belenko et al., 2009; Roditis et al., 2016). Regardless, the more detailed human 

ratings are available as part of the Reddit legalization corpus for use in finer analyses.  

Persuasion Attempt  

Attitude is an integral ingredient of narrative strategies, but alone does not signify 

their use: Strategic employment of narratives requires intentional manipulation or seeking 

 

10- This is strikingly similar to the 5% negative tweet rate found by Cavazos-Rehg and colleagues (2014; 

2015), suggesting that this is not a platform-specific pattern. 
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of social control over other political decision-makers (Jones et al., 2014). The closest 

notion in psychological literature to this idea is persuasion attempt in the domain of 

social influence (Cialdini, 2006). 

Persuasion attempt separates narrative strategy from a simple statement of 

preference among other things. Preference statements like “I don’t care about legalization 

either way” signal a clear attitude but stop short of being strategic: As far as a listener can 

tell, they may only reflect self-expression goals, not attempts to change another person’s 

mind. Similarly, conversations between individuals who hold the same overall stance 

toward legalization could be devoid of persuasion goals and lead to no change in general 

attitude as a result. While stakeholders in the same policy camp may still have differences 

of opinion regarding the details of their approach, as far as the singular attitude 

dimension is concerned, their stance would reflect the same polarity towards legalization. 

Persuasion attempts have long been studied in social psychology, with an 

emphasis on what makes a more persuasive attempt (e.g., Petty & Cacioppo, 1986). 

Anecdotal versus generalized evidence, the focus of Chapter 4, is among the heavily 

studied dimensions (Freling et al., 2020). For now, however, instead of evaluating an 

attempt’s persuasive potential, I focus on the simpler problem of identifying it.  

Persuasion attempts are sometimes reflected in explicit language, with agents 

actively telling us that they intend to change our minds. But even when implicit, human 

intuitions are highly honed to recognize social influence attempts, unless the individual’s 

processing capacity is limited for whatever reasons, the employed strategies are very 

subtle, or the recipient is highly biased (Cialdini, 2006). Relying on the same intuitions, 

computer scientists have attempted in recent years to develop neural networks for what 
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they call argument(ation) mining in text (AM; Cabrio & Villata, 2018). Despite following 

the linguistic nomenclature, surveys of the associated work make it clear that this area of 

research is concerned with persuasion attempts.  

The models in this computational literature are trained on often small human-

annotated bodies of text. For instance, Dusmanu and colleagues (2017) developed a 

feature-engineered model for classifying hundreds of Brexit- and Grexit-related tweets 

into argumentative and non-argumentative categories. While non-neural models are still 

popular in this domain, neural AM “is at least as good… with the advantage of 

eliminating the need for manual feature engineering and constraint designing” (Cabrio & 

Villata, 2018). Through many epochs of training, neural networks can extract the textual 

correlates of the annotations, representing sometimes difficult-to-articulate human 

intuitions about what can reasonably be considered a persuasion attempt.  

My Computational Approach 

I take a black-box approach to persuasion attempt classification partly to sidestep 

the theoretical and methodological difficulties of more profound modeling (see Hasan & 

Ng, 2014, for one set of mixed results). I use common transformer-based text classifiers 

to separate argumentative and non-argumentative comments.  

To provide somewhat greater depth than binary classification would afford, I 

asked trained annotators to mark the presence or absence of either of two major elements 

in the following definition: “forming reasons, drawing conclusions and applying them to 

support the author’s policy position or to convert the reader to their stance” (Adapted 

from Merriam-Webster, 2011; Peldszus & Steve, 2013). In other words, annotators 

identified the presence or absence of 1) the evidence (reasons) provided to support a 
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policy conclusion, and 2) a statement of the conclusion itself. This resulted in four classes 

of comments: Those with one-sided evidence that nonetheless leave inferring the 

conclusion to the reader, comments that encourage the adoption of a conclusion without 

describing any evidence, comments that describe both evidence and conclusion, and 

finally non-argumentative text that includes neither element11. 

Unfortunately, difficulties with classifying the rarer categories emerged due to 

massively lopsided frequencies for the four classes, mirroring the attitude classification 

task described above. Data augmentation and model tweaks failed to rectify the 

imbalanced performance. As a consequence, only a binarized notion of persuasion 

attempt (separating the presence of at least one argumentation element from none) 

reached adequate performance and was used in analyses. Note that while imperfect and 

likely improvable in future research, this approach is adequate for identifying narrative 

strategy use, if not its subtypes.  

Annotations 

Three trained annotators were tasked with marking samples of comments as 

relevant or not to marijuana legalization and, if a comment was rated as relevant, to 

identify its attitude and type of persuasion attempt (if any). Relevance rating was as 

described under Corpus Development Methods in Chapter 2.  

 

11 - The classifications reflect the intent as perceived by the annotators rather than necessarily getting at the 

author’s actual intent. The latter is difficult for annotators to agree on and even more difficult for 

computational models to identify. As such, it lies beyond the scope of this dissertation. I would argue that 

whether a language act is perceived by readers as a persuasion attempt is more relevant to the questions that 

I am asking in any case: If a persuasion attempt is so subtle that most people would not recognize it as one, 

its broad impact on the discourse would presumably be more similar to the same readers perusing non-

argumentative content. If there are reliable distinctions to be made about discourse effects there, they 

remain to be studied in more controlled experimental settings.  
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I employed a 5-points Likert attitude scale, with 1 meaning the comment is 

strongly against legalization of marijuana, 3 meaning it is indifferent and 5 indicating 

strong support. The annotators had the additional options of 0 to indicate text devoid of 

attitudes and ‘unclear’ for places where, due to a lack of discourse context, the attitude 

could not be accurately placed. Exhibiting behaviors in line with an attitude (for instance, 

heavy use of marijuana) without explicit mention of personal beliefs were coded as mild 

support/opposition. Persuasion attempt labels were 0 if no signs of an attempt or 

justifying one’s position could be seen, 1 if argumentative evidence was presented 

without a conclusion, 2 if the opposite, and 3 if both evidence and conclusion were 

present. Definitions and detailed instructions for all three dimensions are included in 

Appendix B. Confidence ratings were also gathered, but since only 2% of comments 

showed imperfect confidence, I ignored this aspect in model training and analysis.  

Rated comments included those marked as relevant to marijuana legalization 

during corpus development as discussed in Chapter 2. The sets were sampled from 

throughout the study’s timeframe (2008-2019) and therefore ensured coverage of 

discourse at different points in time. An additional sample of 200 comments was rated by 

all three annotators to evaluate interrater agreement. After agreement evaluation, two 

further sets with no overlap across annotators were rated. All comments were at least 40 

tokens long to provide enough textual context for model training but were otherwise 

randomly sampled given the mentioned criteria. This process generated 1,254 labeled 

comments for training of attitude and persuasion attempt classifiers.  

Binning unclear and no attitude labels, Cohen’s (1960) κ for whether a text 

showed clear attitude ranged [.45,.51] across annotator pairs. Cohen suggests considering 
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values between .41 and .60 as moderate agreement. For the subset of ratings where both 

annotators agreed about the expression of an attitude and therefore the ratings formed an 

interval measure, correlation was relatively high (Pearson’s r range: [.55,.64]). Cohen’s κ 

for the binary persuasion attempt measure --the version used in the analyses--was 

similarly moderate (range: [.45,.51]). The procedures for resolving rating ambiguities in 

training are discussed in the next section. 

Classification Procedures 

A robust, pre-trained transformer-based language model (roBERTa-base; Liu et 

al., 2019) was separately applied to the labeled data for representing textual context in 

service of classifying attitude and persuasion attempt (Figure 3.1)12. I used 

HuggingFace’s implementation of roBERTa-base in PyTorch (Wolf et al., 2019). The 

hidden state averaged across roBERTa layers was fed to two fully connected feedforward 

networks with RELU activation, followed by a softmax step after which the most likely 

label was chosen as model prediction. I used binary cross entropy loss as the training 

objective and employed Adam for stochastic optimization of its minimization (Kingma & 

Ba, 2014). 

 

12 - Given the clear association between the two concepts, a single multi-task classifier may improve 

performance for both labels. However, both labels are adequately classified using the separate networks as 

we will see, and the number of dimensions is small enough that computational load is not a major concern. 

As such, I leave the development of a more convenient, singular network as a future direction.  
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Figure 3.1. The architecture of the neural networks used for attitude and persuasion attempt 

detection. As discussed in the body text, more sophisticated versions were tested but failed to 

improve performance over this simpler structure. 

 

Binarization meant that many of the disagreements in more nuanced labels had 

disappeared, but some inconsistencies in human ratings remained. Given the modest 

number of rated documents and to make models more robust to difficult cases, I decided 

to use all labeled comments for training rather than only the unanimously labeled ones. 

Each unique label-comment pair among the ratings was treated as a separate document 

during training. A tenth of the labeled data was held out as a test set. The remaining 

comments were divided 90/10 into training and evaluation sets. For the evaluation and 

test sets, cases where all possible labels were indicated by humans were ignored.  

I tested various architectures before settling on the final model that was just 

described. For instance, various combinations of dummy-coded parameters for common 

subreddits, prolific authors and LDA topics were concatenated with the textual context to 
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possibly improve performance. Another studied variation was related to roBERTa’s 

truncation of input to 512 sub-tokens. Surprisingly, none of these steps reliably enhanced 

classification. Future work may benefit from more representative network feature ranges 

than I examined, however (see Appendix B for details).  

As mentioned earlier, emotional sentiment has often been used as a proxy for 

attitude (e.g., in Motlagh et al., 2019) despite conceptual and methodological problems 

with this characterization (AlDayel & Magdy, 2019). To confirm the dissociation, I 

performed sentiment pre-training for attitude and persuasion attempt, using an ensemble 

of two off-the-shelf packages (TextBlob: Loria, 2018; Vader: Hutto & Gilbert, 2014). As 

expected, model performance did not significantly change following this step. The 

eventual attitude and persuasion labels also confirmed that sentiment does not map 

reliably onto narrative strategy use (see Appendix B for details). 

Classification Performance 

Attitude and persuasion attempt classification performance is partly bounded by 

the degree of agreement between annotators even for the binarized versions of both 

dimensions: If labels generated by different annotators do not fully correspond to the 

same textual features, the model would have difficulty extracting their correlates 

regardless of architecture or training.  

κ for either dimension was within the [.45, .51] range, which Cohen (1960) 

describes as “moderate”. This level of agreement is not unheard-of in the literature. For 

instance, Krauss and colleagues (2017) have reported similar agreement for attitude 

classification, albeit toward marijuana as a substance rather than the associated policies. 

While more labels were utilized than in this dissertation, the constrained topic range 
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(focused on normalization of alcohol and marijuana use) made it easier for annotators to 

agree on ratings, making the similar agreement level significant.  

Nonetheless, better agreements for attitude (e.g., κ=.69 in Hasan & Ng, 2014) and 

persuasion attempt classification (e.g., κ=0.77 in Dusmanu et al., 2017) have been 

reported elsewhere. The difference can be mainly attributed to properties of the rated 

content: 1) Raters had to distinguish attitude and persuasion attempt for marijuana 

legalization (included) from those targeting the substance itself (excluded), a more 

nuanced distinction than used in the literature. 2) I advised annotators to mark implied 

but not explicitly stated expressions of either dimension, an approach that results in 

higher psychological validity but greater subjectivity. 3) Compared with tweets, the focus 

of prior attempts, Reddit posts allow for more nuanced expressions that do not fit neatly 

into the binary categories. 4) Original submissions to Reddit are not part of the dataset, 

only comments in response to them, and the hierarchical structure of threads was ignored 

for simplicity. This means that authors were always responding to other content that was 

not available to annotators. These differences resulted in irresolvable disagreements 

where annotators could provide reasonable arguments for different ratings. 

Despite imperfect training data, the final test set precision for attitude was .75. 

This means that out of every four comments predicted to contain positive legalization 

attitude, three of them were accurately labeled. Test set recall was slightly lower at .71, 

meaning less than three quarters of positive attitude comments were labeled as such. The 

classifier’s F1 score (the harmonic mean of precision and recall, and the most commonly 

used performance metric) was .73. Similar results were found for persuasion attempt 

detection, with a final test set precision of .72, recall of .69 and F1 of .70.  
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Attitude detection quality is comparable to that of several previous studies, 

including both neural (e.g., F1=.69 in Hasan & Ng, 2014) and non-neural (e.g., F1=.73 in 

Darwish et al., 2017) architectures. This is noteworthy since better-performing features in 

such tasks tend to be network properties (AlDayel & Magdy, 2021) that were mostly 

absent in my dataset and unhelpful to the extent employed.  

The quality of persuasion attempt detection is somewhat lower than reported 

elsewhere (e.g., F1=.78 in Dusmanu et al., 2018). The difficulties discussed earlier that 

led to moderate interrater agreement likely played a role. The inclusion of implied 

persuasion attempts unlike previous studies may have been particularly impactful. 

However, Dusmanu and colleagues (2018) identify a further feature in their error analysis 

that has an even stronger role in my corpus: Quotations were a cause of many errors for 

their model, where the author was not attempting to persuade but the quoted person was. 

Quotation is a feature that Reddit comments, all belonging to a thread and responding to 

some earlier text, have in abundance. Given the unlimited textual context, quotes are 

more often mixed with original content on Reddit than on Twitter, further complicating 

the classification task. This issue likely impacted attitude classification too, since quoted 

text may represent a completely different stance compared with that of the author. 

Considering the complications, performance in both tasks is adequate alongside 

previous studies. The best-performing classifiers were hence applied to all >3M 

comments, providing inferred attitude and persuasion attempt labels that together marked 

the use of narrative strategies. The softmax activation and the resulting argmax prediction 

for either of the two dimensions and for every comment can be found in the SQL corpus 

through https://github.com/BabakHemmatian/Marijuana_Legalization_Corpus_Study/.  

https://github.com/BabakHemmatian/Marijuana_Legalization_Corpus_Study/
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Attitude and Persuasion Attempt Results 

Forty-two percent of comments in the corpus (1,288,401 documents) were 

inferred to express positive attitude toward legalization, close to the proportion of pseudo 

randomly sampled human-rated comments classified as such. A similar subset (1,307,134 

documents, 43% percent of the corpus) was marked as persuasion attempts.  

Despite the similar counts for the two dimensions, their overlap is far from 

perfect, with only 24% of the corpus (742,714 individual documents) containing pro-

legalization persuasion attempts13. This is the most likely portion of the corpus to contain 

narrative strategies that contributed to the emerging consensus in favor of legalization 

(Jones et al., 2014). As such, it will serve as a focus of analyses in the remainder of this 

dissertation14. I will focus on the distinctive narrative structure features of persuasion-

focused attitude expressions in Chapter 4. The overall temporal patterns in argumentative 

and non-argumentative discourse will then be covered in Chapter 5.  

Summary and Conclusion 

Based on prior literature, my guiding hypotheses suggest that the harbingers of 

marijuana’s attitude shift—be they generalized or anecdotal-- are likely found within 

strategic uses of narratives in social media discourse. The consequences, on the other 

 

13- I found interesting patterns in the propensity of users within various subreddits to produce positive 

attitude persuasion attempts, with likely ramifications for understanding the marijuana attitude shift. The 

temporal trends in some of the subreddits (e.g., r\The_Donald) were similarly of note. In the interest of 

space, I do not discuss those patterns in this manuscript. For those interested, they can be found in the 

GitHub repository: https://github.com/BabakHemmatian/Marijuana_Legalization_Corpus_Study. 
14- Non-strategically shared anecdotes may have their own persuasive potential, perhaps even to a greater 

extent than clear persuasion attempts. However, they have not served as a focus of the extant experimental 

literature to serve as a basis for deriving causal interpretations from my correlational analysis. This may 

partly reflect the methodological difficulties involved in evaluating the impact of non-strategic anecdotes, 

which are compounded in a computational study of this scale. As such, I leave drawing out the implications 

of non-strategic anecdotes in my dataset for future research to determine. 

https://github.com/BabakHemmatian/Marijuana_Legalization_Corpus_Study
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hand, would be mainly reflected in non-argumentative conversations. To bring my Reddit 

data to bear on the hypotheses, the two types of discourse must be distinguished at scale.  

This task is faced with challenges introduced by the nature of Reddit comments as 

well as the subjectivity of attitude and persuasion attempt implications, two key elements 

of strategic narrative use. Despite these complexities, neural networks allowed acceptable 

classification of the key features (F1= .73, .70), mapping the sizeable argumentative 

portion of Reddit marijuana discourse. With this tool in hand, we can turn our attention to 

the content focus of the attitude shift hypotheses: Generalized and anecdotal frames.   
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Chapter 4: Anecdotal vs. Generalized Frames in Legalization 

Discourse 

Narrative Policy Framework (NPF; Jones et al., 2014) offers a particular 

definition of policy narrative, where a reference to the policy of interest and a minimum 

of one character is necessary and sufficient for discourse to contain a narrative. However, 

researchers have distinguished types of narrative organization that are not captured by the 

definition. Following the NPF literature, I call these categories narrative frames (Brekken 

& Fenley, 2020). The influence of a particular frame is often reflected in greater 

frequencies of certain types of narrative elements (e.g., Characters and Plot events). One 

well-studied frame distinction is what I call generalized versus anecdotal discourse. 

The impetus for the distinction comes from NPF research that shows the 

importance of separating “thematic” from “episodic” news, with the former presenting 

particular events instances happening to characters as part of a broader (often historical or 

natural) pattern, while episodic framing casts them as one-off happenings (Iyengar & 

Simon, 1993). This is a narrower iteration of a broader distinction: how generalized the 

content of a narrative is. I operationalize generality based on the expansiveness of a 

narrative’s coverage across space and time. While other definitions plausibly exist, this 

one allows me to connect the notion to quantifiable attributes from past research. 

Spatiotemporal delimitation of natural language content has been a focus of 

interdisciplinary research although under different terminologies. Research in 

communication science and allied disciplines, for instance, distinguishes anecdotal from 

statistical evidence (Freling et al., 2020), using the same basic notion to classify the two. 

This literature, however, highlights not the frequency of frames nor their association with 
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narrative strategies, but their efficacy for changing minds. I share with this work the end 

goal of finding discourse predictors for attitude shifts. As such, it features heavily in the 

temporal hypotheses for the distinction discussed within Chapter 5. But before we can 

associate the duality with attitudes, we need a more concrete description of what 

spatiotemporal delimitation entails; one that facilitates reliable automated classification. 

Despite the ubiquity of generalized versus anecdotal analogues across disciplines, 

agreed-upon definitions for the distinction are hard to come by. I identify several of the 

frames’ fundamental building blocks by examining elements whose variants repeat across 

theories. Re-examining Finlayson’s (2020) definition of “narrative” from Chapter 1 

helps. This definition is construed in a more restrictive sense which applies to only what I 

consider anecdotal narrative (emphasis mine): “Discourse presenting a coherent sequence 

of events which are causally and purposively related and concern specific characters and 

times, and overall displays a level of organization beyond the commonsense coherence of 

the events themselves”. There are two sets of properties in this definition: Elemental and 

Organizational. Events, specific characters, and specific times serve as the Elemental 

building blocks of anecdotal discourse, while their sequencing, purposeful causal 

connections, and more broadly the particular ways of organizing the elements serve as the 

Organizational skeleton. Similar properties show up in other researchers’ definitions of 

an anecdotal narrative15.  

To accurately characterize the organizational features, one needs to first classify 

the narrative elements that they connect. As I will discuss in more detail while surveying 

 

15- For instance, “A sequence of at least two eventualities--states, events, processes, or actions (Smith, 

2013) – that often apply to specific entities, are situated at particular points in time and are connected by 

causal or other significant coherence relations” (Smith, 2003; Rahimtoroghi, 2018). 
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the literature, attempts to directly identify relational concepts like frames has been 

fraught even in news and essay corpora (e.g., Sprugnoli et al., 2017; Song et al., 2017), 

suggesting greater difficulties in noisier social media data. Researchers have found that 

taking a compositional approach and first identifying the atoms of narratives can help 

mitigate this problem (Dai & Huang, 2018). I will therefore focus on the easier and more 

fundamental task of identifying Elemental properties that distinguish anecdotal and 

generalized frames. I encourage researchers to use the comprehensive relational ratings of 

my original corpus in this chapter for further study of Organizational features. 

The Elemental properties repeating across definitions of what I call anecdotal 

narratives include specific characters, events, and specific times. How can these elements 

be conceptualized within the broader notion of narrative structure? Anecdotes’ focus on 

specific entities rather than generic groups relates to the nature of a narrative’s 

Characters, which serve as the necessary ingredient of every narrative policy (Jones et al., 

2014). Events are the backbone of narrative Plot in NPF, which connects Characters to 

the narrative Setting (Jones et al., 2014). That anecdotal storytelling represents specific 

points in time relates in part to the Plot’s episodic events and when they occur. At other 

times the temporal element of narratives could relate to habitual events or stable states 

that paint an image of the narrative’s Setting.  

Most narrative theories incorporate properties of both Characters and Plot into 

their frameworks. The included properties often represent different operationalizations of 

the same elemental features. Various approaches, however, differ in the degree to which 

they focus on Characters versus events and therefore the nuance with which either is 

operationalized (Elson, 2012).  
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One promising approach for operationalizing either one can be adopted from 

Smith’s (2003) theory of discourse modes and their clause-level correlates16. She argued 

that each text passage is best characterized by a discourse mode reflecting its foremost 

communicative goal, like providing evaluative commentary or an objective report 

(passage is defined as at least two clauses connected by significant semantic relations). 

Discourse modes may be combined in a given document, but each passage mainly 

reflects only one. While any mode of discourse may in principle contain any type of 

linguistic element or relation, particular types are more or less likely to appear in 

passages assigned to a certain mode. The claim that statistical correlations exist between 

discourse modes and the distribution of more fundamental linguistic attributes is central 

to Smith’s (2003) argument for the usefulness of discourse mode as a level of analysis. 

While she aimed for a comprehensive ontology of such categories, one of her theorized 

dualities is the most relevant one for the current discussion. 

She claimed that the frequency of generic noun phrases, as well as how often 

timeless or regular eventualities are assigned to them, distinguish two fundamental modes 

of discourse. The first property corresponds with the specificity of Characters in 

definitions for anecdotal narrative shared above, while the latter two relate to Plot events 

and specific times. She, as well as other theorists (e.g., Werlich, 1983; Adam, 2012) have 

called the mode associated with the mode generalized version of these features 

argumentation. This is because their detailed analyses of small bodies of text from 

diverse genres suggested that the more generalized mode appears most often in argument 

 

16 - It should be clarified that none of the clause-level features or even the discourse modes were first 

introduced by Smith (2003). Repeated references to her book show my reliance on her particular use of 

existing ideas for this dissertation rather than suggesting that the concepts originated with her. 
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pieces, while anecdotal content is common in non-argumentative forms like novels. If 

generalized discourse is indeed more strongly related to arguments, it would be more 

prominent in pro-legalization persuasion attempts than casual discourse. Detecting 

narrative strategies in Chapter 3 set the stage for testing this hypothesis on a broad scale 

once a method for characterizing generalized versus anecdotal narratives is developed. I 

will come back to this idea later in this chapter. But more importantly for the current 

discussion, I extend variations of her lower-level linguistic correlates for the two 

discourse modes to form the basis of my generalized versus anecdotal frame 

classification. I also adopt her approach for text labeling, which defines properties based 

on sub-clause structures (noun phrase for Character features and verb phrase for Plot 

features) but extends the label to the constituting clause for annotation convenience. 

I choose Smith’s (2003) theory as the methodological though not theoretical basis 

for my narrative frame classification because her features generally align well with what 

different incarnations of the anecdotal-generalized distinction have in common: An 

ability to make a statement less or more spatiotemporally vague. In plainer terms, the 

vagueness or precision with which entities and what happens to them are identified in 

discourse is a key feature that separates anecdotes from more generalized content, and it 

is well-captured by features of the type used by Smith (2003) to classify discourse modes. 

While there may not be a clean one-to-one correspondence between anecdotal-

generalized frames and her classes, adjustments to her lower-level linguistic features turn 

them into reliable indicators of discourse generality especially when combined.  

As mentioned in Chapter 1, each low-level linguistic feature to be discussed in 

detail is best thought of as a spectrum. Nonetheless, I binarize them all for ease of 
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presentation and interpretation following Smith (2003) and Friedrich (2017). I deviate 

from them in choosing thresholds for binarization that best reflect the common types of 

more or less anecdotal conversation about marijuana. With the same practical goal in 

mind, I adapt definitions from the literature for the included features as needed. The 

binary categories and their thresholds should therefore be considered less as ontological 

commitments, more as groupings guided by convenience and the sociopolitical context. 

Since the pipelines to be described are general, future research in other contexts can 

easily replace these with continuous representations or different binarization thresholds. 

Where relevant, deviations from the literature are noted to guide future investigations.  

Once the linguistic literature was adapted for the automated classification of 

marijuana legalization discourse, three clause-level labels emerged as representative of 

specific characters and events at specific times in anecdotal narratives: Genericity of the 

entity a clause is mainly about, the eventivity of its related verb structure, and the 

boundedness of any event it portrays in time. The unsupervised clustering methods 

employed later in the chapter suggest that the three features move in tandem most of the 

time, and thus correspond to a single, more abstract dimension as hypothesized: 83% of 

their individual variabilities across discourse themes can be captured by a single score, 

one that I argue is a good measure of themes’ overall propensity for spatiotemporal 

vagueness. Therefore, the anecdotal-generalized framing results derived from them in the 

current and the next chapter are not reflections of one or the other component, but rather 
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all three17. Nonetheless, compositionality of the modeling means that I can undo the 

higher-level abstraction as needed to get at the 17% of variance captured by the 

independent contributions of lower-level features. This more fine-grained approach 

proves important for understanding the nuances of marijuana discourse in Chapter 5. 

Linguistic and Cognitive Characteristics of Anecdotes 

Character Types: Genericity 

Many agent-focused theories of narratives have been developed with emphases on 

theory-of-mind concepts using small-scale cognitive experiments. A related theory in 

theoretical linguistics is Carlson’s (1977) unified analysis of the English plural. A more 

computational approach is exemplified by Bower and Morrow’s (1990) model of how a 

character’s activities in a building are narrated. Their model focused on the connections 

between agents’ goals and actions, modeling them as a Bayesian causal graph that 

captured reaction times in participants’ processing of narratives. More recently, Elson 

(2012) showed how inference over a directed graph connecting character attributes like 

motivation with temporal features of events can connect Characters to Plot and thus 

generate much of the beliefs intuitively extracted from simple fables. These approaches 

are useful for understanding the processes underlying interpretation of narrative 

characters but lack the computational scalability that would allow their application to a 

large corpus of natural text. 

 

17 - It may still be the case that one of the three underlying features is the causally important one, and the 

rest are simply its correlates. It is also possible that none of the features are causally important, and a 

different common correlate of the generalized-anecdotal duality is responsible for their association with 

attitude outcomes. But because the temporal hypotheses at the center of this dissertation only relate to the 

higher-level dimension and are themselves correlational, none of these possibilities are concerning. As long 

as genericity, eventivity and boundedness are plausibly correlated with spatiotemporal vagueness, we 

would be ready to address the hypotheses about what precedes and follows legalization in Chapter 5.   
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To find the linguistic indicators of Character attributes, Smith (2003) directs us to 

what is called the main referent in a clause. The main referent is the noun phrase that the 

clause is primarily about. It is usually the grammatical subject but at times can be the 

object of a sentence. According to her, non-genericity is a key feature in primary 

referents of anecdotal narratives compared with generalized arguments: Generalized 

discourse focuses on a generic class of entities rather than specific instances of it, 

meaning the associated clause makes some sort of generalization about the entities in that 

class18. Smith (2003) posited four clause types that serve as the bedrock of all modes of 

discourse. Out of the four, generic sentence is marked by a generic main referent and 

serves as one of the two prominent clause types in arguments, which is closer to 

generalized frames in my terminology.  

Generic versus specific entities can make significant difference to the arguments 

that clauses lend themselves to and consequently the attitudes they support. For instance, 

saying “Marijuana consumers are lazy” has different connotations than saying “My 

cousin who consumes marijuana is not lazy”. The former sentence suggests 

generalizability of traits across marijuana users, justifying treating them all more 

negatively as members of a kind. The second statement, on the other hand, argues against 

the generalizability of the stereotype exemplified by the first, undermining its usability in 

arguments against legalization. Even if the latter sentence is changed to affirm the 

 

18 - Note that this is a particular notion of genericity, different from what some semanticists use and adapted 

to the importance of spatiotemporal delimitation for my analysis. One may see statements, for instance, that 

eventivity makes a clause more “specific” and less “generic” in the literature. I, however, reserve the term 

specific only for cases where a main referent is composed of individually identifiable entities. Properties of 

the verb constellation that make a statement more or less spatiotemporally precise are not related to 

genericity in my terminology but are rather parts of the broader notion of “generality”. This is similar to the 

approach taken by Smith (2003) and further developed by Friedrich (2017).  
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referenced individual’s laziness, the same projectible judgment about users as a whole 

cannot be directly derived from the instance19. Therefore, changes to a linguistic property 

like genericity can coincide with casting Characters into different thematic roles within 

NPF (e.g., users as villains versus victims), changing the narrative strategy and the 

discourse outcomes.  

Based on her small corpus study, Smith (2003) conceptualized genericity as a 

singular concept. However, there are many edge cases that her definition does not 

adjudicate. For instance, clauses may refer to particular kinds of things and therefore 

have both generalized and specific aspects to them (“Three types of legalization process 

can be found across countries”). Clauses can also be both general- and particular-

referring (“The administration’s performance is abysmal”). In the example, a specific 

administration is singled out but its performance as a spatiotemporally vague mass noun 

is targeted. The former moves the referent closer to the anecdotal end of the generality 

spectrum, while the latter pushes it toward the less spatiotemporally defined generalized 

end. Finally, potentially multiple distinct instances may be grouped into a kind based on a 

certain feature (“Governments in the 90s were all against legalization”). 

Govindarajan et al. (2019) found that at least three dimensions are needed to 

address the edge cases and accurately decompose the generality of a primary referent 

(called argument, in their terminology): 1) Particularity: Whether instantiated or 

spatiotemporally delimited situations or individuals are presented. 2) Kindhood: When a 

group of entities is mentioned whether the multitude represents a “kind”, in Goodman’s 

 

19 - Here, I use projectible in the sense popularized by Goodman’s (1946) new riddle of induction. He 

distinguished between lawlike and non-lawlike generalizations, with only the former supporting predictions 

about unseen instances. 
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(1946) sense of sharing a “projectible” property that can be used in inductive inference. 

3) Abstraction: Whether the referent is an abstract or concrete and tangible thing.  

Unlike Govindarajan et al. (2019), I do not pursue a fully detailed linguistic 

representation of generalization, but rather a nuanced enough definition that suffices for 

separating anecdotes from more generalized discourse. Therefore, instead of adopting the 

three dimensions, I derive a singular definition of genericity adapted to particular 

versions of generalized content that are most likely in my Reddit corpus.  

Instantiation and the subsequent spatiotemporal delimitation are crucial for 

finding the specific Characters in anecdotes. They therefore serve as the bedrock of my 

definition. Unlike numbers (e.g., “Three men were arrested”), vague quantifiers (e.g., 

“Most users are lazy”) fall short of identifying individual instances and are thus less 

associated with anecdotal content under my definition. As such, I follow Smith (2003) 

and Friedrich’s (2017) lead (but deviate from certain other accounts) in classifying 

numbered main referents as specific but those with vague quantifiers as generic. 

Abstract entities and kinds of individuals are both more generalized than the 

entities expected to serve as anecdotes’ Characters. Therefore, they can also be collapsed 

into the broader generic category. Under this definition, “addiction is a brain pathology” 

and “THC causes the high from marijuana” have generic referents, since they are less 

likely to serve as the targets of anecdotal events.  That generic entities need not be agents 

does not undermine the definition of Character in NPF and its relation to primary 

referents. Anthropomorphic abstractions or broad categories often serve as narratives’ 

collective heroes, villains, victims or simply “agents” (Jones et al., 2014). 
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The delineation of genericity described above is close to what Friedrich (2017) 

proposed several years before Govindarajan et al.’s (2019) theoretical framework was 

introduced. Attempting to produce a large corpus based on Smith’s (2003) clause types, 

Friedrich (2017) made similar decisions to settle ambiguities that caused interrater 

disagreements. Particular entities, situations, instantiations of concepts and groups of 

such particularities were marked as non-generic. They also similarly ignored quantifiers 

as irrelevant to a referent’s genericity.  

However, Friedrich (2017) decided to consider organizations as a blanket non-

generic category given its spatiotemporal extension. I decided to classify particular 

instances of organizations as specific, while considering their broader versions generic. 

This decision was driven by the sociopolitical context of the current study: US 

government as the entity ruling for close to three centuries is probably among the most 

generic categories that marijuana legalization discourse may address. In comparison, the 

Trump administration is a much more specific instance. The difference between the two 

can intuitively be informative regarding the direction of societal discourse and therefore 

better granularity than afforded by Friedrich’s (2017) approach is needed. 

The following examples summarize the various types of generic versus specific 

narrative Characters in the classification scheme that I have adopted (the underlined 

phrases are the primary referents targeted by the definitions, whose label is then inherited 

by the clause it is a part of): 

“This marijuana consumer is lazy.” (A particular entity → specific) 

“The users had gathered in the dispensary’s lounge.” (A particular group → specific) 

“Three marijuana users robbed a store (Precisely quantified subset of a kind → specific) 
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“Us smoking a joint caused some awkward moments.” (A particular situation → specific) 

“The current attitude toward legalization is cause for celebration.” (Particular 

instantiation of an abstract concept → specific) 

“The government must legalize federally now that Democrats control the Congress.” 

(Particular instantiation of an organization → specific) 

“Marijuana users are lazy.” (Artificial or natural kind → generic) 

“Many marijuana consumers are not lazy.” (Vaguely quantified subset of a kind → 

generic) 

“Justice is served better by decriminalization.” (Abstract concept → generic) 

“Being fired because of marijuana is the epitome of injustice (General situation → 

generic) 

“The U.S. government has always been against legalization, regardless of the party in 

charge.” (Many instances of an organization → generic) 

Event Types: Eventivity and Boundedness 

Events have a long history in linguistics as an ontological primitive, dating back 

to Davidson’s (1967) influential work. While their fundamental nature continues to be 

debated (Lasersohn, 2006), their importance as a notion is widely agreed-upon. It may 

then come as no surprise that they are also central to theories of discourse in general and 

narratives in particular. Some, like Grisot (2018), go so far as defining narrativity as a 

temporal sequence between events. Despite the prominence of events, until recently we 

knew little about whether they constituted a psychologically fundamental category across 

linguistic differences (Ünal et al., 2021).  
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Hafri et al. (2013) provided early evidence that participants can spontaneously 

extract event gists even when presented with images for only 37 milliseconds. Subjects 

were able to identify event type, agent, patient, goal and to a lesser degree the instruments 

involved despite limited exposure. Agents and patients in particular were almost always 

spontaneously included in gists, highlighting their intuitive prominence to reasoners. 

More recently, the findings have been replicated using languages with very different 

lexical structures for events (English and Turkish; Ünal et al., 2021). Together, the 

studies confirm the conceptual and psychological primitiveness of event as a notion. The 

observed interconnectedness of event representation with Character roles in these 

experiments is in line with NPF’s Plot-Character interface (Jones et al., 2014). In 

particular, the heroes and villains in narratives can be identified with the agents, while 

victims represent event patients (Jones, 2014).  

Linguistic theories have similarly combined events with Characters to fully 

describe anecdotal content. But for the internal structure of events, Smith (2003) 

contended that most relevant information is embedded only in what she called the verb 

constellation. This notion refers to the main verb of a clause combined its adverbial 

structures, to be distinguished from auxiliary verbs. In particular, she brought attention to 

what she called the constellation’s fundamental semantic aspect (henceforth simply 

called eventivity), which distinguishes events from states20. Consider the following pair of 

sentences: 

1a) This user is disgusting.  1b) This user is doing something disgusting. 

 

20- This notion is to be distinguished from lexical eventivity, which focuses on the decontextualized 

propensity of a vocabulary item to represent an event. 
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Both (1a) and (1b) are specific statements about a marijuana user. However, (1b) 

describes an event that is more temporally contingent than (1a). There is a timeless 

quality to considering “disgustingness” an inherent property of a user. By comparison, it 

is easy to imagine a timeline in which particular alleged behaviors changed. This is not 

coincidental. The eventive class (also called dynamic) represented by (1b) shows a 

change to a state that occurred in a delimited time interval, even though the interval is not 

directly stated in this case. In contrast, (1a) is marked by its stative (also called static) “to 

be” verb, describing a stable property of the user with no inherent beginning or end. Note 

that “Time” in such definitions of eventivity refers to narrative rather than physical time 

(Smith, 2003). Even stable traits presumably begin or end at some point. But certain 

properties (like in 1a) may be “presented in discourse as” timeless and the inherent 

meaning of the associated verbs may not necessitate conceptualizing an actual endpoint 

either21.  

While certain verbs generally indicate states (e.g., standalone “to be” verbs) and 

others (like “reaching”) generally identify events, distinguishing the two classes 

sometimes requires knowledge beyond the verb, hence the focus on the verb 

constellation. This is because generally eventive verbs can be coerced into describing 

states using various transformations (including negation, change of tense or introduction 

 

21- There are more detailed and arguably important distinctions that I leave for future research. For instance, 

individual-level predicates that are true of an entity throughout its existence (e.g., “smart”) can be 

distinguished from stage-level predicates that apply to them for a limited time interval (e.g., “hungry”), 

with the former being clearly less spatiotemporally delimited and therefore less anecdotal. The character 

judgments that turn out to be important in marijuana discourse within Chapter 5 are largely individual-level 

based on representative words, making it plausible that the distinction is important for better understanding 

generalized-anecdotal frames. However, since both types of predicates are stative and unbounded, my 

operationalization cannot distinguish between them. 
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of uncertainty; Moens & Steedman, 1988). Statements (2a) and (2b) exemplify why 

recognizing such coercions may be important for evaluating sociopolitical statements: 

2a) Research may find serious negative side effects for marijuana. (Stative by coercion) 

2b) Research found no serious negative side effects for marijuana. (Eventive) 

The uncertainty induced by (2a) untethers the statement from temporal bounds 

and encourages caution about marijuana. As such, it may be employed in arguments 

against legalization. In contrast, (2b) could have the opposite use22. The difference shows 

how eventivity can be effectively employed to produce particular frames for events in a 

policy narrative that change the narrative strategy and consequently possible attitude 

outcomes.  

Smith (2003) considered “basic (non-coerced) states” with specific primary 

referents and stative verb constellations as providers of crucial Setting information for an 

anecdotal narrative’s events, the latter identified by specific referents instead combined 

with eventive constellations. Confirming her conclusions, later research found both labels 

more common in text passages marked as containing an anecdotal narrative (Mavridou et 

al., 2015). But it also found that coerced states, not separately marked in Smith’s (2003) 

approach, are much more frequent in argument passages than anecdotes (i.e., generalized 

discourse; see the corpus clause-level composition in Appendix D for more supporting 

evidence). Coerced states’ association with arguments is presumably due to the 

prevalence of imagined and hypothetical circumstances in such discourse compared with 

 

22- Previous studies of social media stories that use lists of lexically “active” verbs for identifying events 

ignore such complexities. See, for instance, Rahimtoroghi, 2018. 
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retellings of actual happenings. The overall result is the stronger association of events 

with anecdotal content despite Smith’s (2003) emphasis on both events and states.  

Smith (2003) endorses further distinctions to disambiguate event types. To this 

end, she used the linguistic notion of habituality, whether a verb describes repeating 

events or one-off happenings. She called a clause with specific primary referent but 

habitual verb constellation a “generalizing sentence”, considering it to be the second 

building block of generalized discourse alongside “generic sentences”. The idea behind 

the habituality duality is again a proposed difference in use across various discourse 

modes (i.e., frames): Smith (2003) hypothesized that habitual events are more likely to 

occur in generalized descriptions, for instance in sentences like “politicians keep stealing 

from us while not contributing to legalization”. Episodic (non-habitual) events, on the 

other hand, are often placed in a sequence to drive anecdotal time forward. Once again, 

later corpora annotated for both dominant discourse modes in particular passages and 

Smith’s (2003) clause types have supported the hypothesis (Mavridou et al., 2015; also 

see Appendix D).  

Smith’s (2003) theory is vague on event structure in certain ways. For instance, 

she did not consider eventivity or habituality as important within the more generalized 

discourse mode: “Generic sentence” in her annotation approach may refer to eventive or 

stative, episodic or habitual clauses. As long as the main referent is generic, no other 

distinction is marked. Govindarajan and colleagues (2019) overcame this shortcoming by 

separating labels assigned to the verb constellation (called predicate in their terminology) 

from those of the primary referent (confusingly called argument). Their dimensions, 

however, map onto those of Smith (2003) and the corpus based on it (Friedrich, 2017): 
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They characterize particularity (related to habituality), dynamicity (related to eventivity) 

and abstraction (related to coercion). A simpler adjustment, therefore, would be to simply 

add tags for the missing attributes to Smith’s (2003) labels. I adopt the latter approach. 

Smith’s (2003) characterization is inaccurate in other ways too. She used the term 

“bounded event” to refer to non-habitual verb constellations mixed with specific main 

referents. However, this is not a linguistically correct use of boundedness. Boundedness 

determines whether a situation has in fact reached a temporal boundary in discourse, 

identifying properly time-delimited events from those describing vaguely timed 

eventualities. Smith does not directly measure boundedness, simply assuming that if a 

verb constellation is eventive and episodic, it can be perceived as bounded at least in the 

context of a document as a whole. Examples like “I was walking to the office” suggest 

the inadequacy of this description. By itself, this sentence would be classified as 

unbounded since no beginning or endpoint to the walking is described. It, nonetheless, 

contains a non-habitual and episodic verb constellation.  

Smith’s (2003) terminology may stem from mixing boundedness with telicity. 

While such a confusion is common in the literature, there are clear linguistic reasons why 

the two should be distinguished in analyses of temporal language (Depraetere, 1995). 

Telicity refers to the inherent property of some verbs (e.g., reaching) that must have 

temporal endpoints as part of their meaning. This is related to the verb’s eventivity. 

Boundedness, however, refers to whether the events in discourse are “presented as” 

having culminated. The distinct relevance of boundedness to generality of statements and 

attitudes is reflected in pair (3): 

3a) God forbids the use of marijuana. (Unbounded) 
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3b) God forbade the use of marijuana 1400 years ago. (Bounded)  

The genericity of the primary referent (God) and the verb’s eventivity (forbid) are 

the same between the pair of sentences. Nevertheless, (3a) evokes thoughts of eternal 

religious rules that prohibit marijuana use, while (3b) could be the prelude to an argument 

about changing times and how they necessitate a change in the rules. The difference lies 

in (3b)’s clear endpoint that (3a) lacks. Note that one-sided boundedness, only a 

beginning or an end, suffices for the difference and both endpoints are not needed to 

account for the differential impacts of (3a) and (3b). Similar to the eventivity example 

from before, this semantic difference may be reflected in narrative strategies that push for 

a particular policy outcome by presenting situations as timeless or limited in 

applicability. 

The temporal delimitation requirement of boundedness is closer than habituality 

to what previously discussed definitions of anecdotal narratives find important, i.e., 

mentioning specific times (Finlayson, 2020; Smith, 2003, 2013; Rahimtoroghi, 2018). 

Take for instance the following example: “I worked for a year in a dispensary”. While 

describing a habitual event (i.e., going to work on most days within that year), the 

sentence is clearly well-suited for comprising part of an anecdote. In other words, 

temporal delimitation is more fundamental for less general discourse than whether an act 

is repeated. In any case, annotations of large natural corpora have found generalizing 

sentences quite rare, diminishing habituality’s relevance for my analysis (Mavridou et al., 

2015; see also Appendix D).  

Perhaps for similar reasons, theorists other than Smith (2003) have given more 

prominence to boundedness. For instance, Grisot (2018) defines eventhood by mixing 
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eventivity with boundedness rather than habituality. Psycholinguistic studies favor this 

approach by emphasizing the importance of boundedness to psychological notions of 

eventhood. Zacks and Tversky (2001) defined events in terms of boundaries long ago. 

Swallow et al. (2009) then showed that endpoints have a privileged status in memory and 

descriptions of events. More recently, Ji and Papafragou (2020a) have offered more 

comprehensive evidence that boundaries are spontaneously demarcated when perceiving 

or generating event gists. The same finding has been replicated across languages with 

different temporal lexicons (e.g., English and Greek; Papafragou et al., 2006), suggesting 

that boundedness is cognitively primitive.  

Research shows that “bounded events” and not the duality itself are key to 

storytelling, redeeming Smith’s (2003) original concept if not its operationalization. Ji 

and Papafragou (2020b), for instance, show that adults can differentiate the unbounded 

class only as part of a bounded-unbounded pair. One potential reason is that bounded 

events are atomistic: They can be individuated, counted, internally differentiated, and 

therefore used like objects in stories (Krifka, 1989; Wellwood et al., 2018). Unbounded 

events, on the other hand, resemble substances and are therefore better suited for 

descriptions of narrative Setting, rather than its foreground (Jones et al., 2014).  

To summarize, events are central to various theories of anecdotal narratives. 

Eventivity (also called aspect) of a verb constellation is an intuitive mainstay for the 

linguistic characterization of eventhood, distinguishing a verb constellation that marks a 

change of state from one that describes a stable state. Keeping in mind some nuances like 

coercion, eventivity can determine eventive content in many cases. But various theories 

agree that further subdivisions of events are important for the study of anecdotal 
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narratives. I mentioned two prominent sets of approaches, one focused on habituality and 

the other on boundedness as potential complements of eventivity. I argued that 

boundedness is more strongly related to definitions of anecdotal discourse, to 

sociopolitical discussions that are my focus, and to our underlying perceptual 

understanding of events in the world. Based on the totality of this evidence, I characterize 

events using eventivity combined with boundedness, similar to Grisot (2018). 

Cognitive Modeling of Anecdotal and Generalized Frames 

Generalized Language 

I argued that we can define the distinction between anecdotal and generalized 

sociopolitical discourse based on two key elements of policy narratives, Character and 

Plot (Jones et al., 2014). I described how genericity of a clause’s primary referent, the 

entity it is about, helps us distinguish the Characters involved in the two frames. I then 

explained how eventivity and boundedness of a verb constellation can be used to identify 

anecdotal events, the key elements of Plot. With the two frames defined, the question 

becomes whether they can be computationally classified. 

Tessler and Goodman (2019) have offered the first computational model of 

generalized language that makes quantitative predictions about human understanding, 

covering generalizations about categories (genericity), events (habituality) and causes. 

Their model posits that when faced with a generalized statement, humans decide to 

endorse if the probability of the predicate being true passes a certain threshold. For 

instance, if more than half of marijuana users are lazy and the threshold is 50%, “Most 

marijuana users are lazy” would be deemed true. 
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However, “mosquitos carry malaria” is endorsed by most reasoners, meaning that 

no simple threshold would do (only a small percentage of mosquitos carry malaria). 

Tessler and Goodman (2019) account for the vagueness of generalizations by defining a 

probability distribution over the threshold that is adjusted based on context. The context 

is offered by a listener’s prior knowledge about the predicate’s prevalence, defined as a 

prior distribution. A speaker decides whether to produce a generalized utterance based on 

what the listener would infer if they performed Bayesian inference with these ingredients. 

Tessler and Goodman (2019) show that with some parameter tuning, a close match can 

be found between the model’s predictions and the values produced by participants across 

a range of generalized statements.  

The dual focus of Tessler and Goodman’s (2019) model on Character genericity 

and the habituality of Plot events matches that of the current dissertation. However, they 

do not cover anecdotal discourse at all, where determining the parameters needed for 

robust modeling within their approach would become infeasible. More generally, their 

model cannot be used to classify my Reddit corpus because the predicate- and argument-

specific Bayesian inference would not scale to a dataset of millions of documents. 

Anecdotal Language 

Unlike generalized language, computational modeling of anecdotes (often called 

narratives in the literature) has a long history in cognitive and linguistic sciences. Some 

of the early attempts were inspired by theoretical advances in formal linguistics. Mandler 

and Johnson (1977), for instance, proposed a Context Free Grammar (CFG; Chomsky, 

1956) that served as a generative model applied to a number of classic fables. This model 

incorporated many of the Character and Plot features included in my approach. For 
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instance, its dissociation of internal (Character-oriented) and external (event-oriented) 

narrative entities, separation of states and events (like eventivity), and distinguishing 

generalized morals from anecdotal storylines (related to genericity) have echoes in the 

current dissertation. The computational approach, however, is too rigid for our purposes. 

CFGs are supposed to offer a model that can generate any instance of the language, in 

this case of human narratives. Given the potential complexity of stories, examples were 

soon uncovered that did not match the CFG (e.g., Black & Wilensky, 1979). Extracting 

the tree structure manually for a story is also difficult and effort-intensive, with the 

computational complexity of comparing many potential graphs precluding automated 

scalability. 

The GRTN causal network model (Trabasso & Van Den Broek, 1985) represents 

a different computational approach to narrative modeling. This model of story 

understanding represents anecdotal content with a series of nodes connected to one 

another based on causal associations between story events. A more sophisticated version 

of the same fundamental idea can be seen in the various popular clause relation networks 

in discourse linguistics (e.g., RST by Mann & Thompson, 1987, SDRT by Asher & 

Lascarides, 2003, and QUD by Kehler et al., 2008). The latter models are presented as 

general frameworks for understanding discourse meaning, not only that of stories. As a 

result, they include a more comprehensive set of connection types between clauses (e.g., 

cause/effect). Hierarchical structures are common for representing complex meaning, and 

to account for lexical and syntactic structures that explicitly signal non-horizontal 

configurations. Given the formality of such discourse models, many sophisticated 

computational tools have been developed in recent years for automated representation of 
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natural text according to their detailed frameworks (e.g., CODRA based on RST; Joty et 

al., 2015). The success of this approach in discourse linguistics has inspired the 

coherence relations that I annotate and briefly discuss in this Chapter. The formal 

ensembles, however, include many modules focused on extracting various semantic and 

syntactic features, inferences over which make them too slow for application to a corpus 

of millions of documents.  

Lehnert’s (1981) work represents a third strand of computational anecdote 

modeling. To produce models that answer inference questions and generate summaries, 

he included variations of “world knowledge” that were combined with anecdote content 

to produce a story’s meaning. Computational frameworks inspired by Lehnert’s (1981) 

work tend to be quite focused on Characters, modeling their knowledge states, goals, and 

potential actions. Similar to the approaches surveyed above, however, the detailed graph 

ontologies are too detailed for studies on large corpora. Variations of this approach like 

the Beliefs, Desires and Intentions model have instead been incorporated into simpler 

interactive computer systems (BDI; e.g., Riedl and Young, 2004). 

Elson (2012) proposed a similarly Character-focused formal model that is better-

suited for corpus studies. The most elaborate, content-focused version includes automated 

retrieval of Story Intention Graphs. By combining Character-based features similar to the 

BDI model with temporal narrative properties, Elson presented a robust formal model 

that outperformed distributed representations popular at that time in inference tasks. 

Nonetheless, they showcased the model’s potential with only 100 annotated texts, still a 

far cry from a corpus of the size analyzed in this dissertation. 
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A final noteworthy computational attempt that diverges from the approach taken 

in this dissertation is that of Rahimtoroghi (2018). This work is unique in the surveyed 

literature in attempting to map narrative structure within personal stories on social media 

and applying its framework to many thousands of documents. Focusing on Reddit similar 

to the current dissertation, a key finding was that most narrative relations are nowhere to 

be found in prior corpora, suggesting that news narratives differ in important ways from 

narratives in social media conversations and necessitating separate studies of the latter. A 

further contribution of Rahimtoroghi (2018) was the impressive range of developed 

approaches to unsupervised or weakly supervised modeling of narrative elements across 

theories: From classification of orientation, action and evaluation sentences (Labov and 

Waletzky, 1967), to large-scale modeling of goals and outcomes that ensue Character 

actions, to automated extraction of certain event relations that make up a Plot, 

Rahimtoroghi’s (2018) work inspired the current dissertation, even though its theoretical 

characterizations of narratives could be improved.  

Comparative Models of Anecdotal vs. Generalized Discourse 

Classification of Passage-Level Discourse Modes 

The models surveyed are informative about the nature of generalized and 

anecdotal frames and show that it is possible to computationally model both Character- 

and Plot-focused elements of the type I intend to classify. But no scalable study surveyed 

has looked at the generalized and anecdotal frames simultaneously. As such, they are less 

helpful for distinguishing the frames, which forms the focus of the current dissertation.  

As discussed at the beginning of this chapter, many theorists (e.g., Smith, 2003; 

Werlich, 1983; Adam, 2012) have argued that natural text passages can be classified 
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based on their dominant mode of discourse, a reflection of the preeminent communicative 

goal behind their production. Passages focused on particular modes (some of which align 

with generalized vs. anecdotal discourse), they argue, can be distinguished through their 

tendency to be populated by particular types of linguistic elements and relational 

structures. In recent years researchers have begun to develop models that use the 

correlations between lower-level features and higher-level discourse modes to 

automatically classify the latter at the passage level. Sprugnoli and colleagues (2017) 

have shown that syntacto-semantic Conditional Random Field models complemented 

with distributed representations of document context can distinguish between discourse 

modes to some extent. Sprugnoli et al.’s (2017) novel corpus and consequently their 

model is based on Werlich’s (1983) theory of discourse modes, but the categories map 

nicely onto what I deem anecdotal and generalized frames (called narrative and 

evaluative, respectively). Performance, however, was mediocre, with an F1 score no 

greater than .64. 

Song and colleagues (2017) applied a more modern neural network architecture to 

the task of classifying discourse modes in hundreds of Mandarin high school essays. This 

approach sidesteps the need for careful feature engineering as in Sprugnoli et al., (2017), 

instead going directly from text input to discourse mode output. Song and colleagues 

(2017) used pretrained word embeddings for representation of token meaning, Gated 

Recurrent Units (GRU; Cho et al., 2014) for sentence-level modeling, and finally bi-

directional GRUs for discourse level representation. One of the strengths of their analysis 

is the joint learning of Smith’s (2003) discourse mode labels from each text. The model 
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identified anecdotal discourse with ease, achieving F1 = .82. By comparison, the most 

generalized mode, “argument”, was not captured well at all, with F1 = .48.  

Classification of Clause-Level Features 

Instead of going directly from text to discourse mode labels, corpus-based 

comparisons between different frames may benefit from direct classification of lower-

level properties like genericity and eventivity. Different modes correlate with different 

narrative element types and being more fundamental, these linguistic features may be 

more strongly reflected in the semantic and syntactic fabric of the actual text. Without 

more incentive for the models to learn the sophisticated mappings, direct classification 

performance may remain inadequate. Furthermore, quantifying the Characters and event 

subtypes reflected in anecdotal or generalized discourse offers insights into narrative 

structure that are missed by simply labeling a passage as “anecdotal”. The angel-shift 

narrative strategy, for instance, may target specific characters but timeless attributes, a 

profile that would be missed by prior studies on direct discourse mode detection.  

Attempts at large-scale classification of Smith’s (2003) Elemental types like basic 

state and bounded event have been driven by the same belief in the utility of more 

compositional representations. The labels in this approach apply to what is called an 

Elementary Discourse Unit or EDU, which roughly corresponds to clauses (e.g., 

Friedrich, 2017). This is because word-level analysis would miss the relevance of text 

organization (e.g., syntactic properties) to the categories. On the other hand, a sentence is 

often a combination of several clauses which may represent vastly different basic types. 

For instance, consider “Marijuana should be legalized because my cousin got jailed for 
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possession and it ruined his life”. Here the conclusion is a generalized clause, the 

evidence for which comes within the same sentence in the form of bounded events.  

Friedrich (2017) developed the SitEnt corpus of formal discourse to automate the 

classification of Smith’s (2003) basic clause types. This corpus of more than 50,000 

clauses is based on Wikipedia and a subset of Modern American National Corpus 

(MASC; Ide et al., 2008). Beyond annotations of Smith’s (2003) ontology, limited 

document-level ratings identify each article’s “genre”, allowing certain tests of Smith’s 

(2003) hypotheses about clause-level indicators of passage-level discourse modes.  

Friedrich (2017) showed that a non-neural computational model can successfully 

automate the assignment of clause labels across a somewhat diverse range of genres. The 

model contained a series of syntactic and semantic engineered features: Part-of-speech 

tags, verb constellation properties (e.g., lemma), main referent features, and a handful of 

clause-level syntactic properties (e.g., modal verb use). These inputs were complemented 

by bigram features and hierarchical clusters of tokens (Brown et al., 1992). A Conditional 

Random Field model was trained to identify their patterns in novel contexts. The 

resulting performance of this relatively simple model was surprisingly close to human-

level agreement with a gold standard (F1 = .76 compared with human F1 = .8). This 

suggests that the theorized elements in Smith’s (2003) approach like genericity and 

eventivity are rather neatly defined by formalizable linguistic categories23. It also 

indicates that the classifications may be relatively atomistic and not require heavy 

 

23- Smith (2003) had provided some evidence that this would be the case. For instance, she found definite 

and bare plural noun phrases the main kind-referring phrase types (Smith, 2003, p. 73). 
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representation of the broader article context. I will come back to the latter idea when 

evaluating variants of my own model.  

Given the size of the SitEnt corpus, neural networks can be easily trained to learn 

Smith’s (2003) labels without such effort-intensive engineering of model features. Becker 

and colleagues (2017a) tested this idea with a rather sophisticated recurrent model. 

Inferred labels of previous clauses as well as an article’s source were added to token 

embeddings as inputs to a series of independent GRU layers. Attention and feedforward 

layers marked the remaining features of the model that produced one of eight clause types 

as output. Unfortunately, the model did not perform well. The best F1 score on English 

text was .65, much lower than Friedrich’s (2016) feature-engineered model.  

Dai and Huang (2018) tested whether the architecture was to blame for the 

weaker performance rather than an inherent shortcoming of neural networks. Specifically, 

they expanded on Becker et al.’s (2017a) representation of a target clause’s context. 

Distributed representation of paragraph meaning as well as a CRF layer that captures 

complex relations between different clauses helped the model surpass not only Becker et 

al.’s (2017a) performance, but that of Friedrich (2017), with an average F1 of .78.  

The clause-level models discussed so far show that genericity and eventivity may 

be classified in natural text using either neural or non-neural computational architectures. 

However, they do not demonstrate the same for boundedness, as it is not a part of Smith’s 

(2003) classification scheme. As far as I am aware, no previous large-scale corpus 

marked for boundedness exists. But Grisot’s (2018) proof-of-concept experiments 

suggest that this feature too can be automatically classified without too much difficulty. 

Grisot’s (2018) dataset was composed of 435 English sentences, more than half of which 
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showed progression between bounded events. A simple maximum entropy classifier was 

trained on about a dozen syntactic and semantic feature classes including tense, parts-of-

speech, and markers of temporal concepts (from the TimeML package; Verhaegen & 

Pustejovsky, 2008). The non-neural model achieved F1 = .89 on a test set, showing the 

relative ease of clause-level boundedness classification on par with genericity and 

eventivity.  

My Approach to Computational Anecdote Classification 

Over the last couple of sections I have reviewed many computational models of 

generalized versus anecdotal frames in discourse. I argued that despite some differences 

in operationalization, passages representing the two frames are often separated based on 

the spatiotemporal vagueness or precision of the language used in them. While focused 

on many of the same concepts that I use, most past attempts to formally model 

generalized and anecdotal frames did not distinguish between the two frames, focusing 

instead on passages including either generalized or anecdotal content. The same models 

were also relatively non-scalable, precluding applications to platform-level social 

discourse. I will therefore not pursue those approaches in my modeling.  

I then described the more relevant corpus-based attempts that pitted the two 

frames against each other using scalable machine learning. Among these linguistics-

inspired approaches, passage-level classification of anecdotal versus generalized framing 

showed poorer performance. In comparison, better results were found with clause-level 

classifiers that identified linguistic features theorized to indicate the more abstract frames. 

These features corresponded across studies to the three properties that I highlighted as 

common in passages representing anecdotal framing: Specific characters and time-
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bounded events, linguistically operationalized as genericity, eventivity, and boundedness 

of the clauses a passage is composed of.  

Does the greater accuracy of clause-level analyses come at the cost of losing 

information about the higher-level frames? Would we miss examples of anecdotes that 

direct classification of passage-level frames would have captured? The answer depends 

on the accuracy of the hypotheses connecting frames to clause-level features in Smith’s 

(2003) and Grisot’s (2018) theories. On one hand, Mavridou et al.’s (2015) simultaneous 

study of clause-level and passage-level annotations confirmed many of the former 

framework’s predictions. On the other, the agreement was not perfect, meaning that 

stereotypically generalized clauses may appear in anecdotal passages and vice versa. 

These imperfections could not be addressed by simply adding passage-level annotations 

on top of nuanced clause analysis. Mavridou et al. (2015) found that even combining the 

two levels within the same framework does not eliminate the subjectivity and noisiness of 

direct frame detection. I therefore take a different approach. 

I develop only clause-level classifiers to benefit from their scalability, better 

performance and close (if not comprehensive) connections to definitions of anecdotes. 

This allows me to use previously developed linguistic resources for training of classifiers, 

in particular the large SitEnt corpus developed by Friedrich (2017). I sidestep effortful 

feature engineering in these classifications by using neural networks, which have proven 

capable of capturing the same distinctions as more classical approaches. However, I 

compose the learned features after each one is separately identified to arrive at a more 

holistic view of the two higher-level frames that they indicate. This allows me to examine 
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both the intra-document composition of clause-level features and the inter-document 

profile of their use across discourse themes.  

To better classify genericity, eventivity, and boundedness in social media 

discourse, I present a novel corpus of news and Reddit articles (henceforth called the 

News+Reddit corpus) that mitigates issues with previous resources. The corpus is 

focused on marijuana legalization, meaning declines in performance because of domain 

transfer are no longer a worry. The inclusion of both news and Reddit content ensures 

that style transfer would not hurt interpretation either24. It also enables direct comparison 

of discourse structure across formal and informal mediums while ensuring that the 

models are well-prepared to accurately classify Reddit content. Furthermore, because 

news tends to contain anecdotes and Reddit debate forums heavily sampled in the corpus 

favor generalized argumentation, the dataset covers well both of the focus frames in 

argumentative and non-argumentative contexts (see Appendix D for distributions of 

document types).  

With an expanded set of labels compared with previous attempts (Friedrich, 2017; 

Grisot, 2018; Govindarajan et al., 2019), the novel corpus fully covers all of the 

important features of genericity, eventivity, and boundedness, classifying them in enough 

detail to separate anecdotal from generalized in social media discourse. With 27,240 

clauses in the News+Reddit corpus, it is of adequate size to train most neural networks.  

I recognize that it is not only the basic atoms that make a text anecdotal, but also 

the organization of these pieces into a coherent whole. As such, the News+Reddit corpus 

 

24- Previous major corpora that contain annotations of clause-level features are solely focused on formal 

genres. This is despite the document difficulty in applying their narrative representations to informal 

discourse (Rahimtoroghi, 2018). 
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also contains comprehensive annotations of semantic relations (based on Wolf & Gibson, 

2005). To determine whether the Elemental or Organizational features affect perceptions 

of narrative or argument quality, extensive document-level ratings were also gathered for 

the corpus. I only briefly discuss these features because of space constraints but contend 

that they will prove crucial for a more holistic formal understanding of narrative 

strategies. The same is true of comparisons between human- and computer-generated 

frames also enabled by the corpus, which could advance computational modeling of 

stories. I leave this task as well to future research. 

In the rest of this chapter, I will first describe the procedures involved in 

developing the News+Reddit corpus, along with the general properties of the final 

version. I then give an overview of neural network training performed using the same 

dataset, favorably comparing the results against recent attempts with similar tasks.  

To better interpret the content of generalized and anecdotal marijuana legalization 

discourse, I connect the three features with the themes of discourse derived in Chapter 2. 

This is accomplished by first determining the proportion of words coming from each 

topic that are parts of specific, eventive, and bounded clauses. Transforming the 

proportions into z-scores, I then determine whether each theme is more or less likely than 

the corpus average to appear in clauses with specific main referents, eventive verb 

constellations, etc. For instance, it may be that words sampled from themes on 

marijuana’s Types and uses are much more likely to appear within clauses about generic 

kinds than a random sample of words from the corpus would. In contrast, words assigned 

to Everyday encounters may cooccur with specific main referents more so than one 

would statistically expect from the entire corpus. As these examples illustrate, this type of 
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modeling allows me to automatically associate each of the three linguistic features with 

particular topics of discussion, which can then be used to understand the content of 

anecdotal versus generalized frames. 

If I am correct in that the three clause-level features represent different aspects of 

the same more abstract frame duality, much of their individual variations across themes 

should be capturable with a single composite score. To test this idea, I use Principal 

Component Analysis (PCA; Abdi & Williams, 2010), a popular dimensionality reduction 

algorithm. PCA applied to the features’ normalized proportions across topics identifies a 

single dimension that accounts for 83% of the individual features’ variability. Using this 

composite score, I classify the themes as overall anecdotal or generalized.  

With more interpretable scores assigned to the three features and the anecdotal or 

generalized focus that they collectively represent, we can start to answer important 

questions about the nature of common policy narratives: What are the most common 

generalized-anecdotal profiles of legalization comments on Reddit? Do the common 

compositions differ between argumentative and non-argumentative conversations? Which 

content themes or groups of them best represent each type of discourse? I will provide 

related insights by evaluating the Reddit corpus based on my anecdotal theme index, 

leaving temporal analyses of the same notions to Chapter 5.  

I focus most of the chapter on Elemental features of frames rather than what 

makes the same elements cohere. But given the preeminent importance of narrative 

organization, I will close with a cursory review of semantic relations as they relate to an 

article’s anecdotal focus. Finally, example comments show how the two frames are 

internally structured and mixed with one another, making organizational principles more 
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concrete. I hope that this preliminary evaluation will inspire more detailed (and formal) 

studies of frame organization. 

The News+Reddit Corpus 

Document Extraction 

An original pipeline was developed for extracting news articles about marijuana 

legalization. These documents provided means of comparing generality feature 

annotations in clean formal discourse as the focus of previous studies (e.g., Friedrich, 

2017), and noisy social media content which is the focus of the current dissertation. The 

news articles were extracted from Common Crawl (commoncrawl.org), an open-access 

massive archive of internet content since 2011, with billions of pages sampled per month.  

Two major mainstream sources were included in the corpus, including both a 

more conservative (Fox News) and a more liberal source (Washington Post; Zimdars, 

2016). Two more partisan sources from both sides of the aisle (Huffington Post and 

Breitbart; Zimdars, 2016) were also included for better coverage of various attitudes to 

marijuana legalization. A hundred and ten articles were annotated, with the publication 

date distributed as evenly as possible across 2008-2019. When not possible, earlier dates 

were sampled to provide an even temporal distribution. The goal was to cover the range 

of discourse on the topic as attitudes toward marijuana evolved25.  

While data hygiene of news text is better, I wanted to ensure any trained 

algorithm would transfer to social media data as well. Therefore, the news sample was 

complemented by Reddit comments from the corpus described in Chapter 2, representing 

 

25- Note that the publication date is not the same as the date on which a page is archived: While Common 

Crawl only began in 2011, many sampled pages were published years before that. 
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informal (and presumably less linguistically clean) discourse on marijuana. Sixty-six 

Reddit comments were sampled to this end. To include carefully written arguments from 

both sides of the marijuana debate, a quarter of the documents were sampled from debate 

forums. ChangeMyView (CMV), followed by about a million users, is a unique platform 

dedicated to well-reasoned arguments meant to change an original poster’s opinion on a 

specific issue. The difference between upvotes and downvotes determines each presented 

argument’s popularity. CMV posts therefore offer a uniquely high-quality training set for 

networks applied to argumentative text (Habernal & Gurevych, 2016). Nevertheless, 

popular stances are more likely to be posted about on CMV (Priniski & Horne, 2018). To 

address this bias, I included further posts from UnpopularOpinion (UO), a debate 

community on Reddit dedicated to well-written expositions of opinions deemed 

unpopular. Unfortunately, a ban on discussing U.S. politics in UO resulted in some 

unavoidable bias. To ensure enough context for the ratings from either subreddit, I used 

only posts with more than 500 characters, in line with CMV posting guidelines. Because 

CMV and UO were introduced in 2013 and 2012 respectively, not the entire Reddit 

sample could be extracted from them without disrupting the temporal distribution of the 

corpus. Carefully vetted comments from elsewhere were therefore used as complements.  

This brought the total number of unique news and Reddit documents to 176. Even 

though 62% of the documents are sampled from news, informal discourse is also well-

represented with dozens of entries including many argumentative comments (see 

Appendix D). Seventeen documents were annotated by more than one annotator to 

evaluate agreement, bringing the total count to 193. The annotations cover 85,047 words 

in exactly 12,000 clauses, for an average document length of 441 words in 62 clauses.  
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The News+Reddit corpus was developed not only for use in the current 

dissertation, but also to answer an independent research question: Whether text-

generating algorithms are capable of producing human-level narratives and arguments. 

As a result, the corpus complements human-generated content with articles produced by 

some of the most recent text-generation engines. Annotations of the two classes of 

documents were identical to facilitate comparisons of discourse structure. I will comment 

further below on any noteworthy differences between natural and artificial text as 

relevant to this dissertation’s goals, but for now focus on describing the overall corpus 

composition including the AI-generated documents. 

To further expand the annotated set, I used Grover, a text-generating algorithm 

(Zellers et al., 2019) to produce 180 artificial articles (based on 161 unique prompts). 

These documents were similar in topic and focus to the human-written texts. The slight 

mismatch in the number of documents is due to non-annotated prompts. Although fewer 

than human-generated articles, the artificial documents were somewhat longer, resulting 

in an almost equal number of tokens and clauses (92,240 tokens for an average of 512, in 

12,300 clauses for an average of 68 per document). Once a better-performing text-

generating algorithm (GPT-3; Brown et al., 2020) was made available, I complemented 

this set with 72 unique documents generated using the new state-of-the-art (shorter on 

average at 294 words). This resulted in adding 2,940 more clauses to the corpus (41 

clauses on average per document), adding up to 21,194 tokens.  

This brings the total size of the News+Reddit marijuana legalization corpus to 

409 unique documents, 445 unique annotations and 198,500 tokens in 27,240 clauses, 
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43% human-written and the rest computer-generated. This amounts to more than half the 

size of the SitEnt corpus (Friedrich, 2017).  

The Annotation Framework 

Three research assistants were trained to perform the News+Reddit corpus 

annotations. Previous corpus research on sociopolitical social media discourse has shown 

the impact of annotator demographics on research results (Garten et al., 2019). To 

account for such influences, annotator profiles are included with the corpus. 

Unfortunately, the demographic bias among Brown University researchers in favor of 

young, Liberal individuals resulted in unavoidable imbalance. 

Dozens of preliminary documents were annotated to help finalize the framework. 

Only documents annotated with the final version are included in the descriptions and 

analyses. Once the annotation framework was finalized as detailed below, a dozen 

documents were fully annotated by two independent annotators to evaluate interrater 

agreement, covering all three possible pairs. The most common sources of disagreement 

were then discussed as a group and resolved as much as possible. Twenty-four shared 

documents were then annotated independently to note any agreement improvements. 

Discussion led to enhanced agreement, but as discussed below, differences still remained.  

The corpus as well as manuals and additional metadata can be found online and 

will soon be added to more conventional research repositories26. I will only summarize 

the key features of the development process here. To reduce manual labor, documents 

were automatically segmented into constituent clauses prior to annotation using CODRA 

 

26 - https://drive.google.com/drive/u/0/folders/13gOFgg6cp8tQSXezj-cwML6iNn3SzU99  

https://drive.google.com/drive/u/0/folders/13gOFgg6cp8tQSXezj-cwML6iNn3SzU99
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(Joty et al., 2015; see Appendix E). Annotators examined coherence relations first, then 

marked clause types and finally provided document-level ratings. They were unaware of 

the computer or human origin for the documents they rated, although given Grover’s 

(Zellers et al., 2019) propensity for generating incoherent semantic relations, they could 

guess the source.  

Coherence Relations. 

Semantic coherence relations were annotated based on Wolf and Gibson’s (2005) 

categories, covering both symmetric semantic relations like similarity (“The war on 

marijuana is just like alcohol’s Prohibition” and asymmetric ones like cause/effect 

(“Because marijuana is illegal, there are more risks involved”). A total of 14 labels were 

used, 11 of which originated from previous research and the rest were added based on the 

particular demands of a mixed human- and computer-generated corpus. More information 

about the categories and procedures can be found in Appendix D.  

Because there is no fixed number of relations in a document and to account for 

the highly imbalanced distribution of labels, Krippendorff’s (2004) alpha was used as a 

measure of agreement. We found lower exact agreement ([.40,.44]) than reported by 

Wolf and Gibson (2005). Reasons for the discrepancy are discussed in Appendix D. 

Clause Types. 

I extended the SitEnt annotation scheme proposed by Friedrich (2017), itself an 

extension of Smith’s (2003) theory. More detailed labels distinguished genericity and 

eventivity in all cases unlike the original, also adding boundedness to the classifications 

(Grisot, 2018). For instance, a clause with a generic main referent but an eventive and 

unbounded verb constellation would be labeled unbounded event (generic). Such a clause 
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would have simply been called generic sentence in Friedrich’s (2017) approach. As 

discussed earlier, I also adjudicated over any definitional ambiguities with careful 

attention to the social media use case. The final set of labels and the breakdown of 

associated main referent and verb constellation properties can be seen in Appendix D.  

Annotators provided confidence ratings for every clause on a 5-point Likert scale 

to ensure the quality of labeling. Perhaps because of the more detailed labels and careful 

clarifications of conceptual distinctions, only 2 percent of the documents had imperfect 

confidence ratings. I therefore ignore the confidence ratings in my analyses. Note that 

this is very different from the SitEnt corpus, where a less informative “Don’t know” label 

was included for main referent genericity on one hand, and the final clause label on the 

other. About 20% of SitEnt clauses have this uninformative label for either annotation.  

Krippendorff’s (2004) ɑ was calculated to evaluate interrater agreement, as it is 

more appropriate for non-binary classification than the more commonly used Cohen’s 

(1960) κ. One pair involving an annotator that joined the corpus development effort later 

had significantly lower agreement (.4 compared with .52 and .54 in the remaining pairs). 

The values across all pairs are below Krippendorff’s (2004) recommended range, which 

is .67 or higher. Friedrich’s (2017) reported overall κ values are also somewhat higher, at 

[.55-.76]. However, the more difficult documents in SitEnt produced agreements as low 

as .4 and .42, even once disagreements had been discussed and documents were re-

annotated after several weeks of delay to prevent memory effects. The latter values are 

strikingly similar to the weaker annotator pair in News+Reddit. This suggests that the 

low agreement may be a result of unavoidable annotation difficulty, presumably partly 

due to the inclusion of informal natural discourse.  
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In comparing interrater agreement, the greater number and nuance of labels in the 

News+Reddit corpus should also be considered (see Appendix D), as they make 

disagreements more likely. For instance, SitEnt annotators had particular difficulty with 

classifying the genericity of main referents, with κ values as low as .29 for an average of 

.36 across pairs. But since many labels in Friedrich’s (2017) framework leave genericity 

ambiguous, these difficulties did not translate into lower overall agreement scores. With 

such considerations in mind, the clause-type agreement level was deemed acceptable. 

Document-Level Ratings. 

Detailed document-level ratings are among the features that set the News+Reddit 

corpus apart from previous resources. These included attitude labels with a format 

identical to Chapter 3. While Reddit data was mainly either in favor of legalization or 

neutral, the news documents made the overall stance patterns slightly more balanced: 

10% of all on-topic documents were marked as showing negative legalization attitude.  

I focus on the nature and prevalence of anecdotal vs. generalized frames. 

Therefore, annotators were asked to mark how much of each comment consists of an 

anecdote (called narrative in the manual after the linguistic theories). Persuasion attempt 

ratings combined with this measure of anecdotal content show the corpus’ good coverage 

of both anecdotal and generalized frames. For documents containing some level of 

persuasion attempt or anecdotal content, multi-dimensional quality measures were rated 

based on Wachsmuth et al. (2017) and Yale (2013), respectively. These measures were 

used to ensure that a range of narrative types are included in the corpus but could help 

future researchers find the features that correspond to more impactful narratives too. See 

Appendix D for more information on ratings.  
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Classification of Frames in Legalization Discourse 

Generality classification architecture 

Figure 4.1 summarizes the architecture used for clause-level classification. In the 

rest of this section, I will review its key details and the reasoning behind them. As far as I 

am aware, no previous attempt has used modern transformer networks for classifying the 

discourse clause types put forth by Smith (2003). The ability of such models for general 

language modeling may be particularly helpful, as their layers have been shown to 

spontaneously learn sophisticated hierarchies of syntactic and semantic properties like 

those that contributed to past attempts’ success (Saphra & Lopez, 2018; Friedrich, 2017).  

I used HuggingFace’s implementation of roBERTa-base, a general-purpose, 

robust recent transformer language model (Wolf et al., 2020; Liu et al., 2019). Text was 

broken down into sub-words that the model recognized and each sub-word transformed 

into a vector of real numbers, a multi-dimensional representation of its linguistic 

properties. These context-aware representations have been previously learned from 

predicting words in a massive corpus of online text. The embeddings then passed through 

12 transformer layers, trained to identify through complex patterns of computational 

“attention” the relations between different terms in a clause, and adjust the non-

contextualized meaning of each sub-word accordingly. The output of roBERTa’s 12th 

attention layer served as a 765-dimensional representation of clause meaning. This 

hidden state was used as part of the input to layers that followed.  

Given the massive size of roBERTa-base (125 million parameters; Wolf et al., 

2019), updating weights based on the News+Reddit corpus would have been data- and 

time-intensive. To make use of the model’s representational capacity without undue 
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computational burden, I used a static version of its activations instead: I passed each 

corpus clause through the model without backpropagating error to update roBERTa’s 

weights. The task of connecting clause representations with Smith’s (2003) labels fell 

upon the model’s following layers.  

Additional parameters hypothesized as relevant to clause types were added to 

roBERTa’s output as part of the input for the rest of the network. The helpfulness of 

these additions for classification performance was evaluated separately for the genericity, 

eventivity, and boundedness networks27. The parameters included 32 one-hot part-of- 

 

Figure 4.1. The architecture used for clause-level genericity, eventivity, and boundedness 

classification. Entities and POS tags are from SpaCy (Honnibal, 2016), token processing and 

embeddings from roBERTa-base (Liu et al., 2019). Unlike attitude and persuasion attempt 

classifications, softmaxed activations serve as the model’s final output instead of labels. 

 

27 - My theoretical discussion assumed that all three features are aspects of the same, abstract dimension. 

The separate networks developed here provide evidence in favor of this assumption, as discussed later in 

the Chapter. I ran out of time to take advantage of this finding and produce a single multi-task network 

whose shared early layers take advantage of label correlations to potentially improve performance beyond 

what is reported here. That remains a future direction. Before moving on, however, note that since 

boundedness partly relies on eventivity for its classification, any future multi-task modeling should use the 

label produced for eventivity as part of the input for the head that classifies boundedness.  
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speech (POS) tags extracted using SpaCy (Honnibal, 2016) and concatenated with the 

roBERTa activations. Part-of-speech tags are helpful because of correspondence with the 

categories to be identified. For example, event triggers are often verb phrases and their 

referents noun phrases. Eight one-hot embeddings representing fine-grained entity classes 

were also extracted using SpaCy (Honnibal, 2016) and concatenated with the next layer’s 

input. Such entities can mark the difference between generic clauses (about 

“organizations” like United States government as a broad entity) and specific ones (e.g., 

those marking individual “persons”) 28. For boundedness, I also tested the efficacy of 

temporal variables derived from the SuTime package, which denote certain terms or 

phrases as related to temporal concepts like “interval” or “duration” (Depraetere, 1995). 

While a boost of 1% in F1 score was observed with temporal features, the computation 

cost was unjustifiable, and they were therefore dropped. With the addition of POS and 

entity tags to roBERTa activations, an 805-dimensional representation of comment text 

was used for later layers. Following Becker et al. (2017a) as well as Dai and Huang 

(2018), I examined whether including similar representations for clauses before and after 

the target of classification aids performance by providing greater discourse context. As 

described in Appendix E, no improvement was noted. 

Prior research on classifying clause types according to Smith’s (2003) theory has 

shown the effectiveness of recurrent neural networks (Becket et al., 2019; Dai & Huang, 

2019). Having many fewer parameters than transformer models like roBERTa, these 

 

28 - I tried to analyze the resulting inferred entities in relation to the focal dichotomies in this work. 

However, surprising inaccuracies in the output of the off-the-shelf model (e.g., classifying “marijuana” as a 

person and “weed” as an organization) meant that more fine-tuned entity recognition is necessary.  
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architectures are less data-intensive to train and faster to apply but have an attested ability 

to make effective use of corpus context (Chung et al., 2014). In light of their strengths’ 

relevance to my task and their prior successful application, they formed the basis of my 

classification scheme. Similar to Becker et al. (2017a), I employed bi-directional Gated 

Recurrent Units (bi-GRU; Cho et al., 2014) rather than Long Short Term Memory (like 

Dai & Huang, 2018), as the two approaches offer comparable benefits, but GRUs are 

more efficient and less prone to vanishing gradients (Chung et al., 2014). I used two 

successive bi-GRU layers. Dai & Huang (2019) have shown that such a hierarchical 

structure helps the model better extract clause-level information. The output of the 

second bi-GRU layer served as input for a binary output layer with sigmoid activation. 

The softmaxed activations served as uncertainty-aware model predictions.  

Training procedures 

Inclusion Criteria. Document-level ratings of narrative (Yale, 2013) and 

argument quality (Wachsmuth et al., 2017) suggested that artificial texts have not yet 

reached the coherence of human-written content, even though GPT-3 approached human-

level performance (See Appendix D). However, this was mainly due to incoherent 

semantic relations, which lie mostly beyond the scope of this dissertation. Annotators 

rarely had any issues classifying clause types, the labels required for this dissertation’s 

operationalization of anecdotal and generalized narratives. This was reflected in the 

similar rates of less-than-perfect confidence across human- and computer-generated 

articles (~2%). As such, artificial documents were deemed as helpful for clause-level 

classification and included in model training. 
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By the time final model development had begun, just over ⅔ of the News+Reddit 

corpus was finalized (18,751 clauses out of 27,240). Particularly missing were many of 

the GPT-3 generations and their corresponding human-written documents. Because 

performance across all three clause-level features surpassed expectations, re-training with 

the full corpus was not attempted. Such an attempt may produce even better classification 

performance than reported later in this chapter. 

Transfer and pre-training. The use of previously developed resources for pre-

training sometimes reduces the need for more annotations and improves performance. 

However, the contrasting formal focus of previous corpora meant that this might not be 

the case for my tasks. To empirically test this, I first examined whether labels from the 

larger SitEnt corpus (Friedrich, 2017) transfer to my News+Reddit dataset29. Following 

promising results, I incorporated SitEnt pre-training as a first step in my genericity and 

eventivity pipelines. This produced a several-points improvement in the final F1 scores 

for both features (see Appendix E for more details), suggesting reasonable continuity 

between the SitEnt and News+Reddit corpora. As far as I am aware all of the extant 

boundedness corpora contain one thousand clauses or fewer (e.g., Grisot, 2018), meaning 

a similar step would not have been worthwhile for this feature. 

Procedures for Balanced Performance. The subset of the News+Reddit corpus 

used in training boasted an even distribution of labels for genericity, partly due to a more 

expansive definition of “generic” than is common (9,347 generic, 9,404 specific). 

 

29- I decided against using Govindarajan et al.’s (2019) corpus because of differences in annotation scheme, 

the use of untrained annotators and relative lack of use in neural networks. While their corpus contains 

more detailed labels than SitEnt, the ~27,000 clauses of the News+Reddit corpus are enough for adding the 

additional nuances, and for transferring representations of linguistic features to a social media context. 
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Genericity pre-training, however, suffered from a highly unbalanced distribution (8,370 

generic, 31,177 specific, 10,319 unclear). Uneven class frequencies by necessity afflicted 

the boundedness category too, as only a subset of clauses that are eventive can be 

bounded (5,436 bounded, 13,315 unbounded). While eventive and stative clauses were 

more balanced in their distributions across corpora, different frequencies were observed 

for eventivity too (News+Reddit: 10,614 eventive, 8,137 stative; SitEnt:  21,547 

eventive, 18,249 stative, 10,213 unclear)30. As is often the case in machine learning, the 

rarer labels proved more difficult to classify for all three features.  

To address this challenge, I first used randomized minority oversampling. But 

unlike Chapter 3, this measure was not helpful. Data augmentation with SMOTE (Chawla 

et al., 2002) was similarly unimpactful, perhaps because the approximated functions are 

non-linear in nature and as such violate its assumptions. Employing unequal class 

weights emphasizing the less frequent categories turned out to be the most fruitful 

approach, improving F1 scores significantly for all three clause-level features.  

Hyperparameter tuning. Certain model details were initially fixed and model 

performance gave us no reason to adjust them. For instance, learning rate was set to .001, 

categorical cross-entropy loss was employed, and Adam optimization (Kingma & Ba, 

2014) was used to speed up gradient descent.  

 

30- The clause-level distributions in the full News+Reddit corpus are similar to the smaller subset used in 

model training for genericity (10,510 generic, 10,484 specific, 5,992 neither), eventivity, (11,880 eventive, 

9,183 stative, 5,923 neither) and boundedness (20,940 unbounded, 6,046 bounded). Note that these counts 

exclude several hundred clauses that due to typographical errors or other reasons could not be assigned a 

valid label. The use of softmax instead of argmax labels as discussed below accounts for both these cases 

and the “neither” labels in interpretations (see the section on segmentation in Appendix E). 
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In contrast, bi-GRU layer sizes, dropout rates, number of epochs and batch sizes 

were tuned based on a grid search with about a third of the News+Reddit corpus (8,092 

clauses). Using a smaller subset of documents meant fewer computations and 

consequently allowed for a more extensive search (see Appendix E for the grid search 

ranges). Later training on the full corpus showed that the gains in performance persisted.  

Classification Results 

Final F1 score evaluated on a held-out set from the News+Reddit corpus was .83 

for genericity (precision = .84, recall = .83) and .83 for eventivity (precision = .85, recall 

= .83). The results compare favorably with previous attempts. Separating Smith’s (2003) 

less comprehensive ontology of four fundamental clause types based on similar features, 

Friedrich (2017) reported F1 = .76. Govindarajan et al.’s (2019) annotation scheme was 

more sophisticated but resulted in a similar F1 score on the same task (.71). Among the 

neural network attempts that again fall short of capturing my full ontology, Becker et al. 

(2017a) as well as Dai and Huang (2018) still show weaker performances at F1 = .65, .78. 

The gains compared with the literature may be due to the greater amount of data afforded 

by the combination of SitEnt and News+Reddit. But more nuanced training categories 

may have incentivized the model to learn additional syntactic and semantic details.  

For boundedness, the best F1 score was .86 based on identical precision and 

recall. This is almost the same as Grisot’s (2018) feature-engineered model (F1 = .87). As 

the latter author notes in her book, better performance relative to features like eventivity 

and the ease of classification with non-neural models may be due to the closer association 

of boundedness with grammatical features. As a contrasting example, genericity is 

heavily influenced by a text’s pragmatics, making its classification more difficult. For 
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instance, impersonal uses of “you” (spatiotemporally vague; to be classified as generic) 

can often be distinguished from its personal uses (spatiotemporally precise; to be marked 

as specific) only through subtle context cues. 

The performance metrics reported are based on the most likely labels according to 

the trained networks. However, to capture subtle changes to such fine-grained linguistic 

classifications over time, any source of noise in downstream tasks must be minimized to 

the extent possible. To incorporate model uncertainty in the analyses to follow, I use 

softmaxed activations instead of categorical labels. Doing so means that labels with lower 

confidence are weighted less in interpretations of the data.  

Generalized-Anecdotal Classification of Discourse Themes 

After overcoming certain complications in automatic clause segmentation (see 

Appendix E), the classifiers were applied to the full Reddit corpus, providing genericity, 

eventivity, and boundedness estimates for its tens of millions of clauses. The prevalence 

of labels among the clauses are informative by themselves. I will discuss them in relation 

to the composition of argumentative and non-argumentative discourse later in this chapter 

and note their temporal trends that correspond to changing attitudes in Chapter 5. 

However, they leave many questions about the content of discourse unanswered. For 

instance, are specific referents often talking about a stranger politicians or acquaintances? 

Is discussion of politics governed more by timeless assertions about political entities or 

describing individual events? To answer such questions, we need to associate the themes 

of discourse from Chapter 2 with the clause-level labels developed in this chapter. 
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Procedure 

To this end, contextual per-word topic activations were queried for every clause 

from the LDA model trained in Chapter 2. The parameters (called φ values) are 

intuitively similar to probabilities, but do not form a probabilistic distribution. If a word 

occurs a certain number of times within a document, a document-specific φ value equal 

to its frequency is distributed across the model’s topics based on corpus co-occurrence 

patterns as well as the document context. For certain (often less informative) words, the 

model may not assign significant values to any topic, meaning no reliable topic 

assignment is possible. Any topic with a φ value greater than .01 for a given word was 

considered a significant contributor and included in my calculations. This allowed me to 

use all of the topic assignment information contained in the model instead of choosing 

only the most likely topic for each word.  

Separately for genericity, eventivity, and boundedness, I calculated the total φ 

values for words contained in clauses across topics with either of the dimension’s binary 

labels. For instance, φ values may accrue to two hundred million for topic 0 in clauses 

with the label “generic”, but only to half that amount for the same topic in clauses with 

the “specific” label. The proportions of total φ values captured by specific, eventive and 

bounded labels separately served as initial feature-specific indicators of a topic’s 

propensity for reflecting anecdotal discourse. The proportions for various topics are 

included in Table 4.1. However, different value ranges make comparison between the 

features difficult. For instance, since boundedness is only defined among eventive 

sentences, the proportion of bounded φ values ranges far below that of eventivity or 

genericity. To improve comparability, I transformed the proportions into z-scores for 
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Topic Title Cluster Prop. 

Specific 

z (rank) Prop. 

Eventive 

z (rank) Prop. 

Bounded 

z (rank) 

Workplace law/policy 1 0.43 0.14 (18) 0.48 0.58 (11) 0.22 0.39 (14) 

FDA schedules 1 0.42 0.04 (21) 0.42 -0.48 (30) 0.20 0.14 (15) 

Legal procedures 1 0.54 1.13 (8) 0.48 0.56 (12) 0.24 0.89 (9) 

Drug tests 1 0.47 0.55 (13) 0.50 0.87 (8) 0.22 0.49 (13) 

Local regulations 1 0.53 1.08 (9) 0.47 0.38 (14) 0.24 0.89 (8) 

Federal legal processes 1 0.55 1.28 (5) 0.46 0.24 (18) 0.24 0.78 (10) 

Media portrayal 2 0.52 0.97 (10) 0.47 0.36 (15) 0.26 1.14 (6) 

Continuity of US policy 2 0.59 1.69 (3) 0.50 0.88 (7) 0.26 1.18 (5) 

Age and familial 

relations 

3 0.57 1.50 (4) 0.49 0.81 (9) 0.28 1.49 (4) 

Personal finance 3 0.42 0.07 (20) 0.50 0.93 (6) 0.22 0.51 (12) 

Political ideology 4 0.46 0.40 (15) 0.33 -2.03 (41) 0.15 -0.91 (38) 

Government vs. 

individual power and 

rights 

4 0.35 -0.62 (27) 0.38 -1.05 (36) 0.15 -0.81 (33) 

Private interests and 

Legalization 

4 0.36 -0.57 (26) 0.49 0.75 (10) 0.18 -0.28 (22) 

Legality and organized 

crime 

4 0.31 -1.02 (36) 0.48 0.55 (13) 0.17 -0.38 (23) 

Comparison with 

violent crimes 

4 0.32 -0.95 (34) 0.44 -0.15 (26) 0.16 -0.57 (26) 

Comparative risk 4 0.29 -1.25 (39) 0.42 -0.36 (28) 0.15 -0.87 (36) 

Comparison with 

alcohol/tobacco 

5 0.24 -1.68 (42) 0.39 -0.94 (35) 0.12 -1.38 (41) 

Medicinal effects 5 0.31 -1.01 (35) 0.42 -0.49 (31) 0.15 -0.89 (37) 

Scientific research 5 0.34 -0.71 (32) 0.43 -0.33 (27) 0.17 -0.39 (24) 

Use methods 5 0.29 -1.16 (37) 0.44 -0.11 (24) 0.15 -0.80 (32) 

Hemp 5 0.27 -1.43 (41) 0.44 -0.07 (22) 0.19 -0.17 (20) 

Cannabis types 5 0.27 -1.38 (40) 0.38 -1.12 (37) 0.14 -1.01 (40) 

House searches and 

seizure 

6 0.54 1.14 (7) 0.57 2.10 (2) 0.31 2.07 (2) 

(Continued on the next page) 
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Emotional and life 

impact 

6 0.49 0.73 (11) 0.46 0.31 (17) 0.20 0.04 (17) 

Everyday encounters 6 0.67 2.44 (1) 0.62 2.95 (1) 0.38 3.34 (1) 

Character judgment 6 0.46 0.40 (16) 0.36 -1.43 (39) 0.15 -0.91 (39) 

Expletives-laden 

discourse 

6 0.46 0.44 (14) 0.45 0.07 (20) 0.20 0.07 (16) 

Gun vs. marijuana 

enforcement 

6 0.37 -0.41 (24) 0.44 -0.12 (25) 0.19 -0.03 (18) 

Police car searches 6 0.54 1.19 (6) 0.52 1.24 (4) 0.29 1.71 (3) 

Reasons and 

arguments 

7 0.33 -0.78 (33) 0.32 -2.07 (42) 0.10 -1.69 (42) 

Parties and electoral 

politics 

7 0.48 0.65 (12) 0.41 -0.68 (32) 0.16 -0.65 (30) 

Prison terms for 

cannabis 

8 0.42 0.08 (19) 0.52 1.24 (3) 0.23 0.59 (11) 

DUI effects & 

enforcement 

8 0.34 -0.70 (30) 0.44 -0.08 (23) 0.16 -0.60 (28) 

Quantities & limits - 0.60 1.71 (2) 0.47 0.34 (16) 0.25 0.94 (7) 

Social disparities - 0.35 -0.67 (29) 0.40 -0.81 (34) 0.18 -0.26 (21) 

State vs. federal 

legalization 

- 0.43 0.17 (17) 0.38 -1.17 (38) 0.16 -0.59 (27) 

State-level timeline - 0.38 -0.39 (23) 0.50 0.95 (5) 0.19 -0.08 (19) 

Geopolitics of 

legalization 

- 0.41 -0.02 (22) 0.36 -1.44 (40) 0.16 -0.63 (29) 

Laws and observance - 0.36 -0.50 (25) 0.40 -0.81 (33) 0.16 -0.65 (31) 

Legality and common 

use 

- 0.34 -0.71 (31) 0.42 -0.48 (29) 0.15 -0.82 (35) 

Economic forces - 0.29 -1.24 (38) 0.44 -0.03 (21) 0.15 -0.81 (34) 

Stereotypes and life 

outcomes 

- 0.35 -0.63 (28) 0.45 0.10 (19) 0.17 -0.46 (25) 

Table 4.1. Proportions of specific, eventive and bounded tokens across topics, and their relative 

ranks compared with other topics. The number in parentheses shows a topic’s rank on each 

feature with more anecdotal topics receiving higher numbers. Cluster numbering is as follows: 1) 

Legal definitions and procedures, 2) Policy and media, 3) Quantitative, 4) Crimes and politics, 5) 

Types and effects, 6) Anecdotal experiences and attitudes, 7) Arguments about legalization, and 

8) Enforcement, -) non-clustered. 
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each topic, showing how far from the corpus average in standard deviation units it ranks 

in each of the clause-level features. These more interpretable values are also in the table.  

A more nuanced way of assigning feature-specific labels to themes that accounts 

for intra-document distributions and correlations between topics would be logistic 

regression with topic contributions for each document as predictors and the log-odds of a 

feature as the predicted value. I opted for the less informative approach above because of 

the computational cost associated with logistic regression in millions of documents for 

dozens of predictors. However, novel methods that speed up estimation by orders of 

magnitude make this a worthwhile future direction (e.g., Darbon & Langlois, 2021). 

I argued that genericity, eventivity, and boundedness represent different key 

properties of the same abstract frame duality, one that separates generalized from 

anecdotal policy narratives. If my operationalization of anecdotal discourse is accurate, 

despite some independent contribution, much of the three features’ individual variations 

across themes should be capturable with a single composite score, representing the 

overall anecdotal bias of a topic. Considering each topic’s z-scores as a datapoint in a 

three-dimensional space, I used Principal Component Analysis (PCA; Abdi & Williams, 

2010) to find a single dimension that captures as much of the points’ variance as possible. 

Full singular value decomposition found a vector the topics’ scores along which captured 

83% of cross-topic variability. This finding provides a strong confirmation that the three 
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features correspond to the same higher-level discourse meta-category, even if they 

capture information about text that is to some extent independent31. 

Results 

While the feature-specific z-scores clearly move in similar directions in many 

cases, differences abound. Genericity and eventivity are more variable, with 43-44% of 

corpus content coming from topics that are more specific or eventive than average. 

Particularly bounded topics, on the other hand, are much less prevalent, accounting for 

19% of all text. Significant variations between the components for the same topic clusters 

make the case for a compositional approach like mine (see Table 4.1). Take for instance 

how Cluster 1, Legal definitions and procedures shows much less eventivity and 

boundedness but is high in specificity, presumably due to coverage of particular court 

cases with generalizable applicability of the related decisions. Types and uses, in contrast, 

is more generic than stative or unbounded as it often talks about kinds of things. The 

Reasons and arguments cluster, on the other hand, shows neither a heavy generic nor 

specific bias, but is highly stative and unbounded as it discusses timeless propositions. 

Such differences captured in the feature compositions will prove helpful for 

understanding the evolution of marijuana legalization discourse in Chapter 5. 

The independent contribution of features notwithstanding, the PCA-based 

anecdotal indices suggest a single underlying concept. The scores for topics and the 

 

31 - Whether clause-level features or this topic-derived anecdotal index correspond to human intuitions 

about the anecdotal-generalized distinction is a worthwhile question for future analysis. Such studies can 

take advantage of the regression-based pipeline developed in Hemmatian et al. (2019b), predicting human 

ratings of a comment’s frame with clause features, topic contributions and mixtures of the two as 

predictors. It should be noted, however, that the primary goal of deriving the anecdotal index is to make the 

linguistic patterns more interpretable by associating them with intuitive themes. Any improvement in 

classifying perceived anecdotal/generalized focus is simply a beneficial side effect. 
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corresponding clusters can be seen in Appendix C alongside each one’s name. Since 

proportions of specific, eventive and bounded clauses formed the basis of calculations, 

greater than zero normalized scores signify anecdotal topics. The standard deviation-

based values range from -2.64 to 5.07, with Reasons and arguments serving as the most 

generalized and Everyday encounters representing the most anecdotal topic, conforming 

to intuitions. The values for the remaining topics are also highly intuitive.  

The wide range of indices indicates the high variance of anecdotal versus 

generalized discourse across topics. The same is true of the clusters represented by the 

themes. The minor cluster Reasons and arguments is the most generalized cluster, with 

an average score of -1.53. It is followed closely by Types and effects (-1.44), and with 

some distance Crimes and politics (-0.98). On the other end, Policy and media (1.80), 

quantitative (1.54) and Anecdotal experiences and attitudes (1.43) represent the three 

most anecdotal clusters, all with relatively similar average scores. Of the most 

generalized and anecdotal clusters in the data, just three (Anecdotal experiences and 

attitudes along with Crimes and politics and Types and effects) comprise more than ⅔ of 

all text, suggesting that the frame duality is highly prominent in the data. Unexpectedly, 

most non-clustered topics are generalized (7 out of 9; average=-0.58). 

The clusters are mostly homogeneous in terms of the alignments of their 

constituent parts. The only exceptions are a single generalized topic in Legal definitions 

and procedures, another in Enforcement and two topics within the Anecdotal experiences 

and attitudes group. In the last cluster, Gun vs. marijuana Enforcement has a close-to-

zero index, while Character judgments is a highly generalized outlier. This unusual topic 

will play an important role in the interpretation of results in Chapter 5. For now, I will 
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only emphasize the following point: The rather clean unsupervised classification of 

anecdotal and generalized topics into clusters shows that the hierarchical structure of 

discourse on social media, determining which content is discussed alongside which other 

content, may itself be heavily influenced by the generalized or anecdotal intended 

framing. 

Generalized-Anecdotal Composition of Legalization Discourse 

Now that various themes of discourse are associated with anecdotal versus 

generalized focus, we may start to answer important questions about the composition of 

the two frames in natural discussions. Are they often individually presented or combined? 

Does the composition change in argumentative contexts? And the most complex but also 

probably the most interesting question of them all: What is the organizational structure of 

anecdotal, generalized, and mixed documents? 

Previous experiments have usually studied the two frames separately and 

therefore cannot provide reliable answers to any of these questions. While linguistic 

theories argue that each passage mainly focuses on one frame at the expense of others, 

the two may often be combined within the same document toward various goals. 

Mavridou et al. (2015) have provided evidence for the existence of such mixtures in 

formal discourse, albeit on a small-scale corpus of formal documents. With the aid of my 

machine learning apparatus, I will now examine how relatively common anecdotal and 

generalized frames are in argumentative and non-argumentative contexts.  

Elemental Features 

Only 39 percent of the text across the Reddit legalization corpus belongs to topics 

that are more anecdotal than average, suggesting an overall strong bias in favor of 
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generalized content, perhaps because marijuana legalization was a rather hotly debated 

topic during the study’s period. As Figure 4.2 shows, very few texts are entirely 

composed of anecdotes, while 55% are predominantly (80% or more) composed of 

generalized content. Nonetheless, the same figure also suggests that anecdotal frames are 

widely distributed in the corpus despite their lack of dominance: More than two thirds of 

documents contain at least ten percent anecdotal content. The distribution is significantly 

more balanced in documents that argued in favor of legalization. This finding runs 

counter to the expectation of various linguistic theories one of whose fundamental 

assumptions is that generalized discourse is more dominant in argumentation (Werlich, 

1983; Smith, 2003; Adam, 2012). The contrast may be a result of the theorists’ focus on 

sources other than social media, where personal content is scarcer. 

 

Figure 4.2. Proportion of documents (y-axis) whose proportion of anecdotal topic text lies within 

a particular interval (x-axis), for the entire Reddit legalization corpus (left) or only the 

argumentative, positive attitude subset representing narrative strategy use (right). 

 

Figure 4.3 shows similar patterns overall across genericity, eventivity, and 

boundedness features, where the most common composition is one almost entirely made 

up of generalized content. However, the preference for generic referents mostly 

disappears in argumentation, where a bimodal distribution suggests a dual focus of 
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discourse: Mixtures of the two frames as well as mostly generalized commentary32. 

Boundedness, on the other hand, is the feature that retains its generalized focus the most 

in argumentation, perhaps due to its lower variability across comments.  

Organizational Features 

Now that we know both mixed and non-mixed versions of the frames are 

frequent, it is worthwhile to examine the organizational structure most common in the 

two varieties of discourse. Figure 4.4 shows the results of a most exploratory analysis in 

this vein, depicting the rate of semantic relations in Reddit-based documents from the 

News+Reddit corpus. I compared documents with at least 25% anecdotal topic content as 

a group with those that included less (88 versus 82)33. More information about the 

meaning of each relation can be found in Appendix D.  

As can be seen in the top panel, violated expectation and cause/effect are more 

common in documents with more generalized themes. The former, exemplified in use of 

“although”, is often related to presenting different points of view on a matter. Cause and 

effect relations are also inherently central to generalization. That the two categories do 

not differ by more is probably because even the more anecdotal documents contain much 

generalized content. It is also possible that for anecdotes, causal relations are easier to 

infer and are therefore more often implied rather than explicitly stated.  

 

 

32 - It is possible that this structure reflects the cognitive architecture of beliefs: Generalized themselves but 

accompanied by a network of consistent anecdotes. If so, drawing a connection to cognitive science of 

mental representation would be an interesting area for future research to explore. 
33- The threshold was chosen considering the unequal distribution of the two frames to ensure that there are 

enough articles in both cells, enabling a more reliable comparison of relation rates. Both human- and 

computer-generated documents were included for the same reason. Excluding computer-generated 

documents produces qualitatively similar results, omitted for brevity.  
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      In Neutral or Non-Argumentative Texts    In Positive Attitude, Argumentative Texts: 

 

 

 

Figure 4.3. Proportion of documents (y-axis) whose proportion of specific (top), eventive 

(middle) and bounded (bottom) topic text lies within a particular interval (x-axis), for the entire 

Reddit legalization corpus (left) or only the argumentative, positive attitude subset representing 

narrative strategy use (right). 

 



127 

 

Figure 4.4. Top: The proportion of coherence relations in Reddit-based documents (n=88) from 

the News+Reddit corpus with at least 25% anecdotal topic content (green) versus more 

generalized articles (blue; n=82). Bottom: The same proportions for the same corpus, this time 

separated based on whether a document was hand-coded as containing some anecdotal content 

(green; n=50) versus none (blue; n=120). Differences in counts are due to more stringent 

definition of anecdote used in the bottom panel, requiring a broader point to a shared story. 

 

Temporal sequence, similarity, contrast, and condition feature more strongly in 

comments with more anecdotal themes. Greater prevalence of temporal sequences 
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between events (marked by words like “then”) confirms a suspicion of linguistic theories 

like Smith’s (2003). Similarity and contrast presumably relate to comparisons between 

different anecdotal instances or a broad principle and its anecdotal example. 

Surprisingly, example and attribution relations (the latter likely related to connecting 

others’ anecdotes to an issue) do not appear more often in the more anecdotal documents 

according to the topic model. However, this may be due to the model’s idiosyncrasies. 

Human ratings of anecdotal focus in the bottom panel indeed show association with both 

examples and attributions, while confirming some of the remaining topic-based results. 

Note that differences are expected to an extent because the clause-based model has no 

access to organizational information when determining anecdotal focus. The same is not 

true of the annotators in the bottom panel. That some of the major differences between 

frames are shared by the two panels suggests that the clause features do conform to 

holistic intuitions about their nature. Thus, further developing the computational 

approach to address remaining errors would allow us to examine abstract frames more 

broadly without the need for further annotations.  

The randomly sampled comments in Table 4.2 provide concrete examples. They 

represent predominantly anecdotal (top 20% anecdotal topic proportion), generalized 

(bottom 20%) and mixed (the middle 20%) content, showing how semantic connections 

like those mentioned above are employed within arguments and non-argumentative texts. 

A generalized argumentative discussion (Example A) may rely on cause-and-effect 

relations between abstract entities to make its case. A mixed argument may combine the 

same with personal experience as confirming evidence (Example B). Mainly anecdotal 

arguments, on the other hand, may focus on the author’s feelings or attitudes (Example 
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C). The hypothetical nature of discussed effects in a non-argumentative generalized 

comment (Example D) mirrors that of its argumentative counterpart (Example A). As in 

Example E, mixed non-arguments may debate the interpretation of specific events 

without drawing conclusions (Example E). Finally, in contrast with arguments, the 

predominantly anecdotal Example F simply uses legal status as a backdrop in non-

evaluative sharing of marijuana-related anecdotes (Example F). The variety of goals and 

methods in Table 4.2 is a testament to the generalized-anecdotal duality’s flexibility as a 

conversational tool. Further analysis of variability in their expression is necessary. The 

pipelines developed in this chapter should help future investigators in performing them.  

Summary and Conclusion 

Surges in anecdotal and generalized frames are both potential candidates for cause 

and consequence of the recent shift in marijuana attitudes. Much of the literature has 

studied each frame separately, precluding comparisons that would adjudicate between the 

possibilities. To address this shortcoming, I developed a new conceptual and 

methodological framework for comparing generalized and anecdotal frames. In terms of 

narrative structure, I argued that specific characters and time-bounded events distinguish 

the two categories. Based on a synthesis of past research, I empirically defined these 

anecdotal features in terms of three linguistic properties: 1) Genericity: whether a clause 

addresses a generic entity rather than specific individuals, 2) Eventivity: whether the 

clause is about a state or an event, and 3) Boundedness: whether an event is presented as 

timeless.  

To test hypotheses that relate anecdotal and generalized frames to attitudes, I must 

automatically identify all three features in across my Reddit corpus. To aid in this task, I 
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Index Inferred to 

contain pro-

legalization 

argument 

Percentage 

Anecdotal 

Comment Text 

A Yes 7 

A high-trust society aggressively discourages low-trust 

behaviors. Lying, cheating, theft, swindling - things of that 

nature. There are policy decisions that can take normal high-

trust interactions and make them low-trust, and people will 

resort to low-trust alternatives if high-trust isn't available. For 

example, prohibition of liquor / weed / whatever takes people 

out of the high-trust realm of shopping, trade and exchange 

and puts it in the low-trust realm of the black market... 

B Yes 57 

...I have bad PTSD/panic disorder/anxiety disorder, and when 

I first was smoking cannabis those feelings came up more 

often than when not smoking, but instead of putting down the 

pipe, I kept toking, trying to figure out why I was having 

those feelings. I can now say while I used to get severe panic 

attacks daily, regardless of THC intake, I now get maybe one 

or two a year. Imho cannabis affects everyone differently, BC 

everyone has a unique body chemistry and unique brain. Only 

harm is its prohibition 

C Yes 84 

What the FUCK kind of statement is that, Sessions? We’ve 

been TRYING to change it for years, you and the rest of the 

political establishment won’t fucking LET us. How about you 

make the Subcommittee on Health and the Subcommittee on 

Homeland Security get off their asses and take action on the 

‘Marijuana Justice Act of 2017??’... 

D No 16 

…is there really almost zero lung damage compared to 

smoking tobacco? Is it the differences in the plant, the 

preparation of the plant, or the differences between all of the 

crap in a cig and the simple paper used to roll a joint?... 

E No 45 

…Marijuana didn’t cause that shit. I bet the 19 year old was 

planning on jumping off the building before he even ingested 

the edibles... 

F No 81 

…neighbors/Aunt and Uncle got busted for growing weed. 

Since they were neighbors and relatives, the cops assumed my 

parents were in on it, and asked to search the place... 

Table 4.2. Randomly sampled predominantly anecdotal (top 20% anecdotal topic proportion), 

generalized (bottom 20%) and mixed (the middle 20%) comments. Texts clipped for brevity. 

 

developed a novel News+Reddit dataset, annotated for the said Elemental features, as 

well as the Organizational skeleton that combines them into coherent narratives. Using 

this original corpus, I trained neural networks that identified genericity, eventivity, and 

boundedness in natural clauses with an accuracy either surpassing or equal to the state-of-
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the-art for each feature. The features varied wildly across themes of discourse, serving as 

partially independent contributors to the same narrative generality dimension.  

My guiding hypotheses about the marijuana attitude shift distinguish the roles that 

anecdotal versus generalized narratives play in arguments and non-argumentative 

discourse. In particular, I expect the causes of the change to be reflected in 

argumentation, but the consequences mainly in non-argumentative text. Generalized 

content, however, dominated both types of discourse, presaging its important role in the 

empirical test of the hypotheses in Chapter 5. Nonetheless, anecdotes were particularly 

prevalent in argumentative content, serving as both evidence and instruments of self-

expression. Given the empirical research on their persuasiveness, anecdotal narratives 

likely contributed vehicles that drove the more central generalized themes home.  

I finished with a cursory exploration of how the developed resources can be used 

to identify pure- and mixed-frame narratives, and to determine the organizational 

principles that allow for their coherence. This means that unlike the results reported in 

Chapter 5, future quantitative hypotheses need neither be focused on single narrative 

frames, nor do they have to emphasize narrative elements over narrative structure.    
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Chapter 5: Anecdotal vs. Generalized Frames over Time 

I started this dissertation with questions about the discourse antecedents and 

consequents of major, rapid attitude shifts, such as the one affecting marijuana 

legalization in the U.S. between 2008-2019 (Pew Research Center, 2019b). The various 

chapters have since contributed computational machinery that can help us identify such 

indicators. Chapter 2 offered a reliable and valid corpus of relevant Reddit discourse, 

divided into interpretable clusters of themes. Chapter 3 allowed us to distinguish strategic 

use of narratives in the same corpus from narratives in non-argumentative discourse, 

since the contexts likely relate differently to narrative processes as well as their effects on 

attitudes. Finally, Chapter 4 tackled the most difficult computational problem of this 

dissertation by quantifying the presence of anecdotal versus generalized frames in natural 

text. I defined anecdotal discourse as one targeting specific characters (non-genericity) 

and time-bounded events (eventivity and boundedness). Combining the features into a 

single anecdotal index for every discourse theme allows me to quantify the ebb-and-flow 

of anecdotal and generalized frames on Reddit. But one final tool is needed before the 

discourse changes can be reliably associated with attitudes and consequently legal shifts.  

Geolocation Inference 

Although a majority of Reddit users are from the U.S. (Alexa, 2018), the platform 

is accessible to people anywhere in the world with functional electronic devices and 

internet connections. Legalization attitudes and status are tied to geography, meaning that 

the evolution of discourse in other countries may follow drastically different timelines. 

To connect Reddit discourse patterns with changes to attitudes and law within the U.S., 

the content due to users from elsewhere must be identified and excluded. Reddit does not 
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share user location information with researchers due to privacy and free speech concerns. 

Therefore, the geographical adjustment requires more sophisticated methods. 

I used Harrigian’s (2018) generative Bayesian model to infer county-level 

locations for all users from publicly available data. This model estimates Reddit users’ 

coordinates based on word usage, subreddit submissions, and timestamps. The model’s 

accuracy is best for U.S. locations, but even then, only 45% of gold labels (based on 

users’ explicit statements of their current location on the platform) are within 100 miles 

of the estimated location. The suboptimal accuracy may impact the interpretation of 

results shared in the remainder of this chapter, particularly at the more granular level of 

U.S. states. Techniques that mitigate the impact of this limitation are available, but 

beyond the scope. I briefly describe one method here as guidance for future explorations.  

The training data used by Harrigian (2018) contains self-reported geolocation for 

thousands of Reddit users. Comparing these labels with those inferred by the Bayesian 

model allows us to determine the geographic distribution of estimation errors. If there is 

any bias, for instance, whereby users from certain states are more accurately identified, it 

will be reflected in the error distribution. Then, instead of using the most likely label 

according to the model as output, computational methods like kernel density estimation 

can be used to obtain a distribution over likely labels that considers model uncertainty. 

For instance, a third of the probability mass for a certain state may be shifted to locations 

that are within 200 miles of the provided estimates based on the model’s average error for 

users in that part of the United States. Any downstream analysis of user distribution and 

associated discourse using this kind of noise-aware approach would be more reliable. 
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I used the globally trained model due to the likely intermixing of U.S. and non-

U.S. discourse in my dataset. Cluster computing was utilized to speed up inference. 

Inferences based on fewer than 10 comments were discarded to ensure reliability (~1% of 

the users). Results indicated that 661,871 (70%) users in the dataset are located within the 

U.S. International users were mainly from Canada, the U.K. and to a lesser extent 

Germany. Patterns are similar to Alexa’s Reddit demographics (Amazon Alexa, 2018).  

Each user’s estimated location is protected from public sharing based on a data 

management agreement with the model’s creator. Nonetheless, aggregated information 

that cannot be traced back to individuals may be shared. Results shown in the remainder 

of this chapter are aggregated across U.S. users only unless otherwise stated. 

With U.S. discourse properly identified, we are finally ready to re-examine 

hypotheses about the precedents and consequences of marijuana legalization. But before I 

contrast the hypotheses, it is helpful to discuss an assumption underlying them all.  

Attitudes Fade into the Setting 

When introducing the temporal hypotheses in Chapter 1, I argued that the causes 

of the attitude shift, reflected more in the earlier years, have a greater chance of appearing 

in argumentative discourse, while the consequences are likely to show up in non-

argumentative contexts. The rationale is that a smaller proportion of comments would 

contain persuasion attempts as time passes and the emerging consensus is solidified: there 

will be fewer people to argue against, meaning much of the discourse will turn into 

conversations between like-minded people. Similarly, I expected pro-legalization or at 

least neutral attitude to become part of the non-contentious Setting in policy narratives 

over time: Rarely stated, but implied unless contradicted (Shanahan et al., 2018a).  
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In Chapter 3, I developed inference models for separating text that includes 

persuasion attempts. To confirm the method as reliable and the hypotheses as valid, we 

need to confirm that the proportion of comments marked as persuasion attempts did go 

down over time. Similarly for attitude inferences, we would expect the proportion of 

comments with positive expressed attitude to have decreased. Note that my classification 

put no attitude expression as well as negative and neutral attitudes in the same bin. 

However, we know that only 6% of comments contain negative attitude and neutral 

comments are rarer, meaning the collective bin mainly represents the absence of attitude 

expression, the type of comment expected to increase in frequency during later years.  

Figure 5.1 shows the proportion of all comments in the corpus inferred to contain 

positive attitude and persuasion attempts, respectively. The overlap between attitude and 

persuasion attempt is far from perfect as we saw in Chapter 4. As such, the proportion of 

comments with a combination of the two features is also included in the figure. All of the 

proportions decline over time as expected. Legalization discourse did indeed become less 

argumentative and more matter of fact with the emerging consensus. This confirms that 

the early precedents of legalization are more likely to reside within argumentative 

discourse, unlike their antecedent counterparts.  
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Figure 5.1. Proportion of comments in the Reddit corpus containing positive legalization attitude 

(top left), persuasion attempts (top right) and a combination of the two (bottom) over time. 

 

Figure 5.1 goes beyond just confirming the assumption behind my temporal 

hypotheses. It shows that the shift toward non-strategic use of narratives did not occur at 

an even pace. The positive attitude proportion is initially consistent, decreases rather 

rapidly starting in 2012, and finally settles into a new, lower equilibrium around 2015. 

Persuasion attempts are in decline throughout the period, but their share of the discourse 

also plummets more rapidly in 2012. Interestingly, that year marks the first time after 

which persuasion attempts are not the majority mode of discourse. 
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One possible reason for the inflection can be gleaned from my earlier research on 

same-sex marriage (Hemmatian et al., 2019b). The Supreme Court ruling that legalized 

same-sex marriage happened in 2015, but 2012 served as an arguably even more 

important inflection point (see Figure 5.2 in the next section). A potential explanation for 

the importance of 2012 to both marijuana and same-sex marriage discussions is that a 

reliable majority of U.S. residents in national polls started supporting both policies in that 

same year (Pew Research Center, 2019a; 2019b). It may be that the perception of an 

emerging consensus, powerfully showcased by a newfound majority supporting a cause, 

has a profound impact on hot-button debates: Serving to many as a sign of the beginning 

of the end, that it is only a matter of time before a strong consensus in favor of the newly 

popular position is reached34. 

Colorado and Washington’s legalization of recreational use in 2012, however, 

offers an alternative explanation. It may be argued that the highly influential ballot 

initiatives were encouraged, and their success was enabled by, the newfound majority 

support. But the national spectacle they provided could have in turn spurred changes to 

the national discourse. I will come back to this idea while discussing the hypotheses. 

A Harbinger of the Attitude Shift 

With the overall expected pattern of argumentative discourse confirmed, we can 

now zoom in on the same portion of discourse to find a discourse harbinger of attitude 

shifts. I focus in particular on the relative prominence of anecdotal conversations as an 

 

34 - Individuals closer to the middle of the attitude spectrum would presumably be more affected by 

consensus cues in how they discuss an issue. Vocal minorities, on the other hand, may continue to push 

certain narratives regardless of its currency in the broader population. Therefore, I am assuming that Reddit 

discourse is not only produced by such minorities and that is why we may see major effects of majority 

support.  
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indicator of societal change. Experimental research suggests that anecdotes can be 

impactful for changing attitudes in certain argumentative contexts (Freling et al., 2020). 

When an issue is health-related, has personal significance for the reasoner and involves 

lasting consequences for affected parties, anecdotal evidence alone is more persuasive 

than generalized evidence alone. All these properties are present in marijuana 

legalization: The substance affects health in positive and negative ways, is part of the 

lifestyle of a growing portion of the population, and consequences like incarceration for 

marijuana possession or use can have lifelong consequences.  

The line of research that Freling and colleagues (2020) summarize usually studies 

the two narrative frames as mutually exclusive, while Chapter 4 suggested that they are 

more often combined in natural discourse. Other research, however, suggests that even 

mixtures of anecdotes and generalized discourse are more potent than generalized content 

alone. The evidence comes from both applied (door-to-door canvassing; Kalla & 

Broockmann, 2020) and basic (moral argument evaluation; Schwitzgebel & McVey, 

2018) domains. Combined, these experimental findings suggest that anecdotes (especially 

when mixed with generalized arguments as on Reddit) play a causal role in attitude 

shifts35. In terms of corpus temporal patterns, they predict the following:  

 

35 - The psychological explanations for this effectiveness are not the focus of this dissertation, but a 

succinct summary of the key ideas would be helpful and may guide future research. Freling et al. (2020) 

favor a Dual Systems theory interpretation, whereby anecdotes on one hand activate intuitive thinking, and 

on the other incite emotions that disrupt deliberative reasoning about complex information. The overall 

effect is a vividness that makes anecdotes more available in memory and an inability to properly analyze 

generalizability or nuanced generalized information. But it could also be that anecdotes make it easier to 

think through the concrete consequences of policies by providing prominent examples. The school of 

contractualism in modern moral philosophy takes this idea to the normative realm, arguing that anecdotes 

reveal not only how the world works, but how humans should behave (e.g., Scanlon, 1998). It defines 

morality as a set of practical reasons for behaving in certain ways that are rooted in principles for regulating 

societal behaviors, principles that no reasonable member of the society can reject. Such principles may be 
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Hypothesis 1.a.: Increased anecdotal evidence in argumentative discourse earlier 

during the transition period paved the way for an increase in societal acceptance. 

 

Similar to survey of marijuana corpus in Chapter 4, Reddit discourse on same-sex 

marriage was not dominated by personal anecdote topics (Hemmatian et al., 2019b). 

Nonetheless, these themes were on the rise well before the Supreme Court ruling or even 

majority support in 2012 happened. If the same surge appears in pro-legalization 

arguments over time (a subset of the studied documents), the themes will provide 

evidence in favor of Hypothesis 1.a. Since that study included no narrative strategy 

classification, we cannot know for sure. 

An alternative hypothesis, however, may also be argued for. Personal experiences 

related to marijuana and the effects of its legalization could have been relatively lacking 

in earlier years. Furthermore, sharing them as part of arguments would have been more 

dangerous early-on. These facts may have favored greater use in early years of 

generalized evidence at the expense of the anecdotal.  

Other reasons for generalized evidence inducing attitude change were uncovered 

in my research on South Korean attitudes to Korea reunification (Hemmatian & Sloman, 

2019a; 2020a). In that hot-button topic, framing issues in terms of generalized values and 

beliefs about broad consequences resulted in illusory senses of issue simplicity and 

enhanced understanding, which in turn produced more extreme and resilient opinions. 

 

couched in any of the major philosophical traditions but cannot be aggregated across individuals: one 

person has a mutually agreed upon reasonable reason to reject a principle, a mortal blow is dealt to its 

normative status. As such, a single person’s narrative can not only highlight the relevance of a generic 

principle, but it can also seriously undermine it regardless of how many individuals it applies to. 
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This reliance on generalized discourse to cognitively simplify issues and justify 

associated attitudes was relatively unrelated to personal (and therefore anecdotal) 

experience with inter-Korea relations, including following North Korean news sources or 

having met a North Korean defector. This means that even in the presence of relevant 

anecdotal evidence, generalized arguments may maintain their relative attractiveness. 

We observed a similar trend in Reddit conversations about same-sex marriage 

(Hemmatian et al., 2019b). There, topics were classified based on human ratings of 

comments into those based on protected values that we are reluctant to sacrifice (e.g., 

religious beliefs), and those that were more related to the concrete consequences of 

policies (e.g., the impact on the political climate). Focusing on the 2010-2014 interval 

within Figure 5.2 (more on other intervals later), majority U.S. support for legalization in 

2012 (Pew Research Center, 2019a) followed a steep increase in discussions of values 

that individuals are reluctant to compromise (e.g., religious beliefs). The same 

discussions died down after that milestone. This kind of temporally localized pattern is 

consistent with active collective effort to obtain majority support after which the strategic 

behavior loses some of its perceived utility. Judging from the comments most 

representative of the themes, the value-based conversations were highly generalized, 

speaking to timeless rules applied to the concept of marriage. If commonly associated 

with arguments, the generalized discussions may have facilitated the emergence of 

majority support in favor of same-sex marriage. A similar point may be made about the 

largely generalized consequence-based topics during the same time interval (2010-2014), 

which focused for instance on the broad impact of equal marriage on other policies. 
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How can such an interpretation be reconciled with the rise in anecdotes during 

2010-2014 that I presented as potential evidence in favor of Hypothesis 1.a? It may be 

that the anecdotal surge was more reflective of non-argumentative comments. If we 

assume (as I have) that arguments are more strongly related to attitude change, stronger 

argumentative focus for generalized discourse than anecdotal discourse would posit the 

former as the more likely contributor to legalization. Because no persuasion attempt 

classification was attempted in Hemmatian et al. (2019b), it is impossible to confirm or 

disconfirm this postulate without further evidence. 

Nonetheless, a causal role for generalized discourse in persuasion is highly 

intuitive. In a time of uncertainty where hardly anyone has an accurate grasp of a policy’s 

 
Figure 5.2. Proportion (y-axis) of text in a Reddit corpus of same-sex marriage discourse reliably 

assigned to a value-based (black) or consequence-based (red) theme as a function of time (x-

axis). The points and lines represent smoothed 3rd-degree polynomials applied to monthly 

proportions. Gray areas show 95% confidence intervals. The first dark vertical line represents 

majority support for same-sex marriage in national polls, while the second identifies the Supreme 

Court ruling that legalized equal marriage. Copied with changes from Hemmatian et al. (2019b). 

 

complex societal consequences, reliance on personal values may greatly simplify 

decision-making: Instead of understanding the impact on the health system, the economy 
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and well-being of compatriots, the matter simply becomes an issue of religious 

prohibition or sanctity of love. Generalized beliefs are often shared with one’s 

community, meaning that we can also draw upon a shared body of knowledge even if our 

anecdotal experience or information is sorely lacking (Hemmatian & Sloman, 2020b). 

The combination of these findings forms the basis for the following hypothesis about 

temporal patterns in marijuana discourse, incompatible with Hypothesis 1.a above: 

 

Hypothesis 1.b. Increased generalized evidence in argumentative discourse earlier 

in the transition period paved the way for an increase in societal acceptance and 

hence legalization.  

I adjudicate between the two hypotheses based on the temporal pattern in Figure 

5.3. But before we discuss the trend, I must clarify my approach to plotting discourse 

frames over time. Each dot in most of the figures that follow within this chapter 

represents the proportion of tokens in a set of comments from a certain month that were 

reliably assigned to a particular topic or set of topics. If a word’s context-based 

probability for having been extracted from the likeliest topic exceeded .01, the token was 

considered reliably assigned to the topic in question over others. Once the monthly 

proportions were calculated (one value per document set per month), a locally smoothed 

3rd-degree polynomial regression was used to plot their temporal patterns. The local 

smoothing (using the default span of .4) makes the inferred trends more responsive to 

sudden perturbations caused by particular events while maintaining the overall robustness 

to overfitting that polynomial regression offers. While much can be learned from such 

patterns, less conservative and more nuanced presentations of the temporal data are 

possible (see Appendix F for a summary of modeling caveats and future directions).  
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Figure 5.3 shows the same type of temporal pattern for the proportion of text in 

the corpus coming from topics that are more anecdotal than average, based only on 

comments including positive attitude persuasion attempts. The overall incline is positive 

but rather close to zero (more on that in the following section). This does not strongly 

support either Hypothesis 1.a or Hypothesis 1.b. However, cyclic changes can be 

observed on a more localized level, with noticeable drops in anecdotal framing during 

two important milestones of legalization: The first successful recreational ballot 

initiatives in 2012, and less strongly at the beginning of the end for prohibition in 2016 

when California and Massachusetts also legalized recreational cannabis. 

 

Figure 5.3. Proportion of text in the Reddit corpus reliably assigned to an anecdotal theme (y-

axis) as a function of time (x-axis), for the subset of U.S. comments containing positive attitude 

persuasion attempts (n=511,664). The points and lines represent smoothed 3rd-degree 

polynomials applied to monthly proportions. Gray area shows the 95% confidence interval. 

 

Proactive discourse shifts directed at creating legal transformation work toward a 

punctual climax, after which they have served their purpose and may decline. This may 
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explain the more localized nature of the discourse shifts not anticipated in the framing of 

my initial hypotheses. If we interpret the valleys coinciding with the key votes in Figure 

5.3 as indeed precipitating the related legal changes, the national discourse pattern is 

more consistent with Hypothesis 1.b: A rise in generalized conversations set the stage for 

the legalization campaign’s resounding success.  

However, given the more localized nature of the initiatives in question and the 

availability of user state information, we can connect narrative frames to legal changes 

with more temporally precise hypotheses and more geographically precise tests. To do so, 

I zoomed in on conversations taking place within the pivotal states, i.e., Colorado, 

Washington, California, and Massachusetts36. Instead of vaguely comparing “earlier” and 

“later” years, I used the dates on which the decision to legalize was made in each state to 

compare discourse before legalization with comments posted after. This approach more 

clearly distinguishes the potential causes and effects of legalization and removes from the 

equation much of the conversation extraneous to the local population that cast the votes.  

About 100,000 comments were traced to states pioneering recreational 

legalization (47,368 to Colorado and 49,286 to Washington). Given the populations of 

California and Massachusetts, they unsurprisingly contributed more documents to the 

corpus (118,199 and 77,139 comments, respectively). The subset sizes are adequate for 

evaluating temporal trends, but not if only positive attitude persuasion attempts are 

targeted as in Figure 5.3. Only about one in four documents belong to the argumentative 

positive attitude category. Excluding everything else would especially hurt the 

 

36 - At least 336 users and 1001 comments are inferred to originate from every state (minimums are from 

South Dakota). As such, the corpus provides adequate coverage of the states beyond these key locations, 

meaning that future research can examine similar trends across the country.  
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interpretation of patterns in early years, the period most important for identifying the 

harbingers of legalization but also the period that contains the fewest comments.  

Figure 5.4 shows the proportion of anecdotal discourse over time computationally 

traced to the four key states. Despite greater spread of the point estimates compared to 

Figure 5.3 (due to smaller sample sizes), a decline in anecdotal content is clear ahead of 

each state’s ballot initiative (dark vertical lines). This clearly favors Hypothesis 1.b over 

1.a: Increased generalized framing set the stage for the key votes that sealed the fate of 

marijuana legalization in the U.S. Figure 5.3 included only pro-legalization persuasion 

attempts, but shows similar generalized surges, making it unlikely that the state-level 

shifts were limited to non-argumentative comments. 

A Consequence of the Attitude Shift 

What can the temporal trends in anecdotal framing tell us about the consequences 

of attitude and subsequently legal shifts? Increased acceptance of legalization can usher 

in more non-argumentative sharing of anecdotes: With greater public support, negative 

social reactions to online self-disclosures decrease. Furthermore, public support often 

translates into decriminalization of the substance, which reduces worries about legal 

culpability as a result of disclosures. These factors suggest that more anecdotes may be 

shared after societal shifts, particularly in non-argumentative discourse as it becomes the 

most common mode of conversation in an emerging consensus. This idea translates into 

the following hypothesis regarding temporal patterns in the Reddit dataset: 

 

Hypothesis 2.a.: Increased anecdotal evidence in non-argumentative discourse 

later during the study’s timeframe correlates with the increasingly positive 

societal attitudes toward legalization. 
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My same-sex marriage research is consistent with this hypothesis but inconclusive. 

Several topics focused on personal anecdotes were among the major themes with a 

consistently increasing contribution during the mostly overlapping 2006-2017 timeframe 

(Hemmatian et al., 2019b). As the latter part of this period coincided with majority 

support and legalization, the pattern in later years may have reflected queer persons and 

allies more often stepping forward to share their experiences. However, since persuasion 

attempts and attitudes were not distinguished, it is impossible to connect the finding to 

the non-argumentative focus of Hypothesis 2.a. 

Because of the same ambiguity, Hemmatian et al.’s trends (2019b) are consistent 

with an alternative hypothesis too. The visibly shifting attitudes toward legalization may 

have urged people to discuss the broad consequences of change, as the status quo started 

to seem untenable, and change was deemed inevitable. As the outcome of discourse 

became crystal clear and the number of pro-legalization individuals increased over time, 

this shift of the later years is most likely to appear within discourse among like-minded 

individuals rather than persuasion attempts. The surge in consequence-based discourse 

within Figure 5.2 around 2016 is particularly consistent with this type of discourse 

change, following a decision by the Supreme Court of the United States (SCOTUS) to 

legalize equal marriage nationwide. Particularly prominent in this surge are generalized 

discussions of the expected impact on other policies and stances of political entities, 

broad consequences that with the SCOTUS ruling had to be faced one way or another. 

This type of increased generalized discussion can be framed with respect to marijuana 

discourse as follows (incompatible with Hypothesis 2.a):  
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Figure 5.4. The proportion of text from anecdotal topics (y-axis) as a function of time (x-axis) across states marking legalization milestones: 

Colorado (top left) and Washington (top right) in November 2012, California (bottom left) and Massachusetts (bottom right) in November and 

December 2016. The dark vertical line in each figure marks the ballot initiative after which recreational use was legal in said state. 
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Hypothesis 2.b.: Increased generalized framing during the later years particularly in non-

argumentative discourse follows legal and attitude shifts in earlier periods37.  

 

Note that the national evidence speaking to these hypotheses would likely be more 

diffuse than what we observed for the generalized prelude to legalization. Real-life experiences 

related to the legal shift happen over time and their appearance in non-argumentative 

conversations may take even longer. The misaligned nature of legalization in the U.S. and the 

non-strategic focus of non-argumentative discourse add to the non-punctual nature of the 

expected consequence. 

A first-pass analysis that contrasts the Hypotheses 2.a and 2.b is the relative proportion of 

specific, eventive and bounded clauses in comments from different time periods. The results can 

be seen in Appendix F. All the formal linguistic categories associated with anecdotal discourse 

subtly increased in prominence across the entire corpus over the years. Boundedness, however, 

was more stable, presumably due to its lower variability among the themes (see the related 

discussion in Chapter 4)38. In all cases, the surges were more subdued or eliminated in the 

portion of discourse representing only positive attitude persuasion attempts, confirming 

Hypothesis 2.a in its entirety: An increase in anecdotal discourse over time mostly within non-

 

37 - The hypotheses that I discuss in this chapter do not explain all of the major qualitative patterns in Figure 5.2. 

Before moving on, it is important to explain the most prominent unexplained pattern and a plausible cause. The 

2016 surge in generalized discussion of consequences is not accompanied by a revival of value-based conversation, 

even though the latter is similar to the former in its focus on generalization. The divergence could be due to the fact 

that as laws changed, people had more data based on local legalization attempts about the general consequences of 

the policy positions. Protected values, on the other hand, are by definition expected to be less transient and 

associated with immediate experiences. 
38 - The orthogonality of genericity as a main referent property relative to boundedness as a verb constellation 

property cannot explain the difference. This is because eventivity is also related to the verb constellation but shows 

more of a temporal pattern than boundedness. The difference may reflect inherent distributional properties of the 

English language, or the more limited usage of boundedness as a rhetorical device. 
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argumentative content followed the changes in societal attitudes. However, the disconnect 

between abstract linguistic categories and particular contents of discourse means that only the 

more global patterns can be observed in the Appendix figure, and even then, in perhaps a more 

subdued manner than content-linked classification could uncover. To better reflect the ebb-and-

flow of discourse, I use the topic-based anecdotal index employed in Figure 5.3 for my main 

analysis.  

The right panel in Figure 5.5 uses the same subset of the corpus as Figure 5.3 but with an 

adjusted y-axis, showing the overall prevalence of anecdotal content in pro-legalization 

persuasion attempts. Instead of a polynomial regression, I have plotted a linear regression line to 

make the overall temporal trend more prominent. The left panel shows the overall corpus on a 

similar scale and using a similar regression formula. Despite the abrupt increase in anecdotal 

pro-legalization arguments in 2019 on the right, the figure makes it visually clear that the overall 

incline is much greater in the entire corpus by comparison. For a more formal test without the 

complications caused by local smoothing, I fitted 4th degree polynomial regressions to both sets 

of data points and compared the resulting coefficients39. The passage of each year resulted in a 

.83% increase in anecdotal content across all comments, compared with only .16% for positive 

attitude persuasion attempts. While both coefficients were highly significant (p < .001), so was 

their five-fold difference according to a t-test (p < .001)40. Even though anecdotes increased 

across the board, most of the change can be ascribed to the parts of discourse that did not 

 

39- The residuals showed patterns for both datasets and log-transforming the proportions was not helpful due to the 

data’s complex trends. The preliminary results here should therefore be complemented with more robust analyses. 
40 - Neither significance value can be ascribed to a large sample size. Given the way proportions are calculated, the 

estimates are each based on only 144 data points, one per studied month. Many of the corpus authors are not 

represented among the positive attitude persuasion attempt subset. The eventual proportions used in comparisons 

can thus be, with lenience, considered independent; hence my use of independent samples t-test in this case. 
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argumentatively urge the substance’s de-regulation. This is consistent with Hypothesis 2.a over 

2.b: Anecdotal framing of non-arguments is a discourse consequence of the U.S. attitude shift 

towards marijuana legalization. The pace is rather slow but the impact on societal discussions 

profound, given that the shift permeates most discourse regardless of persuasive intent.  

 

Figure 5.5. Proportion of text in the Reddit corpus reliably assigned to an anecdotal theme (y-axis) as a 

function of time (x-axis), for all U.S.-derived comments (n=2,105,290; left panel) compared with a subset 

of the same set containing pro-legalization persuasion attempts (n=511,664; right panel). The y-axis in 

both panels spans seven percentage points to facilitate visual comparison. The points and lines represent 

smoothed 3rd-degree polynomials of monthly proportions. Gray areas show 95% confidence intervals. 

 

Going back to Figure 5.4, can we see any reliable state-level correlates of the national 

consequence of legalization? Local discourse in all states shows a comeback of anecdotal 

framing right after the successful ballot initiative, although the strength of this trend varies across 

the states. This is probably a generalizable takeaway. But the long-term consequences are more 

variable, with discourse seemingly stabilizing within Washington and California, anecdotes 

showing a rapid decline in recent years among Colorado users, while the opposite happened in 

Massachusetts. Such variability explains the glacial pace of the national anecdotal shift 

compared with the stronger and more time-limited generalized surges.  

As for why the variability itself came to be, differences in local consequences of 

legalization and the associated discourse climates may be to blame. In Colorado (top left panel in 
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Figure 5.4), controversies about marijuana-related taxes and associated legislation captured the 

public’s attention for a long time. This led to a surge in conflict-framed news articles (Brekken & 

Fenley, 2020). Massachusetts had its own share of conflict following legalization, as lawmakers 

repeatedly sparred with advocates over regulation. But such controversies were not inevitable. In 

Oregon (not in Figure 5.4), for instance, when recreational use was legalized in 2014, medical 

viewpoints were prominent in news coverage, resulting in more expository and less conflict-

oriented presentation of the issue (Brekken & Fenley, 2020). The differences highlight how 

implementation details can make local outcomes more variable following legalization, and as a 

result produce different social discourse patterns. 

Strong connections between state-level differences in news coverage and the social media 

discourse portrayed in Figure 5.4 requires more exposition than I am willing to provide, but I 

will highlight a key takeaway from the variability itself: The broad consequences of legalization 

were complicated, and the public were ill-equipped in many cases to predict them because 

neither formal nor informal resources provided enough expository legal and medical content (see 

Chapter 2). The reactive local discourse was therefore more unpredictable than the proactive 

attempts to bring about or prevent legalization. As for the relatively clearer national trends, 

voters elsewhere likely ignored the messy local consequences of legalization: The spotlight was 

trained on the key votes as thermometers for where the U.S. public stands on the issue, and once 

the legalization camp succeeded, national attention to the remaining controversies waned, 

producing more recognizable framing patterns. I will come back to this tension between 

information content and popular argumentation frames later in the chapter. 
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The Composition of Generalized Narratives that Legalization Follows 

So far, I have examined the generalized and anecdotal narrative frames as unitary 

constructs, aided by the singular topic-specific anecdotal index introduced in Chapter 4. But 

anecdotes were operationalized based on a composition of three features. As discussed in 

Chapter 4, the features do not always go in hand-in-hand across themes, meaning their various 

combinations afford a more nuanced look at discourse correlates of legalization.  

I will focus in this section on one insight made possible through compositionality. 

Prediction is arguably of greater value to science than indicating what has come to pass. My 

example therefore focuses on the generalized shifts that legalization follows. Since the most 

striking patterns were observed in the two most common and influential clusters of themes, I will 

focus my treatment on the same groupings. However, other interesting trends in smaller clusters 

or non-clustered topics are noted in Appendix F for future research, with tentative interpretation.  

Earlier we observed that state-level legalization followed two major generalized surges in 

argumentative discourse, one in 2012 and another in 2016. I look at each surge separately, 

starting with discussion of prior policy narrative research that is relevant to understanding the 

discourse harbingers of change.  

Characters: The Hero and the Villain 

The Narrative Policy Framework has “historically measured policy beliefs through the 

use of characters, consistently finding statistically significant differences between opposition 

coalition policy beliefs… (McBeth et al., 2005; McBeth et al., 2010a; Shanahan et al., 2013)” 

(quote from Jones et al. 2014). Here, archetypal roles articulated by Stone (2012) have proven 

helpful for scientific analysis: Characters introduced in a policy narrative are often “cast” into the 

roles of heroes, villains, and victims, with profound ramifications for the narrative’s Policy 
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Solution. It is noteworthy that such Character role assignments do not map neatly onto narrative 

frames. Genericity in particular can be varied. In Jones and colleagues’ (2014) words, “while it is 

common for characters to be individual humans, it is not necessary. In many cases characters are 

anthropomorphized abstractions or broad categories”. For instance, compare an anecdote about a 

marijuana user (victim) who dies following a brutal encounter with law enforcement (the villain), 

to a generalized argument that uses the number of law enforcement officials (victims) dying at 

the hands of marijuana users (the villains). The roles assigned to members of, or the entire group 

of, users and law enforcement officials completely flip the moral derived from anecdotal framing 

in the first example and the generalized evidence in the second. Beyond genericity, however, the 

roles assigned are presented as internal, reliable properties of agents, making Character-focused 

narrative strategies more reliant on states and repeating events than one-off circumstances. 

A prominent Character-focused narrative strategy called “devil-shift” was first articulated 

by Sabatier et al. (1987). It “predicts that actors will exaggerate the malicious motives, 

behaviors, and influence of opponents” (Weible et al., 2009). McBeth and colleagues (2007) 

showed in studies of environmental issues that competing interest groups often simultaneously 

portray themselves as losing and the other side as particularly evil. They found that these 

narratives lead to polarization and intractability, disrupting even the learning of policy details. 

Jones (2014) provided experimental evidence that the opposite of devil-shift, an “angel-shift” 

that exaggerates the positive properties of the narrative’s hero (i.e., proponents of the favored 

Policy Solution), can be even more powerful. His rigorously controlled experiments on climate 

change narratives showed that regardless of cultural content or even the group cast into a role, 

positive affect for the hero has the strongest and most robust effect on perceptions of personal 

risk, sociotropic risk and preferred policy solution. In comparison, affects were weaker for the 
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villains and consequently the latter’s effect on cognitive and behavioral variables were less 

profound. Compared with a control group that received the same facts in an info sheet, 

respondents that read cultural narratives drew clear emotional conclusions about the involved 

parties and were thus “persuaded through the vehicle of the hero”. McBeth et al. (2010) show 

how the same character shifts may be combined with Setting-focused strategies like issue 

expansion to further advance the goals of one side of the debate, making them a more versatile 

persuasion tool.  

What can we expect about the use of Character-focused narrative strategies like angel- 

and devil-shift in the context of marijuana legalization discourse? Many of the studies mentioned 

(e.g., McBeth 2007; 2010) were conducted in the lead-up to administrative decisions about (often 

local) policies. The prominence of Character-based strategies in those contexts raises the 

possibility that they become particularly common before transitions as tools for issue 

simplification and persuasion. This predicts a relative increase in themes of discourse that reflect 

Character assignments before marijuana legalization bids in particular states and earlier overall 

on the national level. Once legal transitions have happened and relative consensus has been 

reached, as discourse becomes less argumentative and more matter of fact, the need for defining 

heroes and villains decreases. Furthermore, relevant eventive information becomes more 

available with legalization experiments. This predicts that Character-focused strategies would 

decline later in the dataset as a sign of changing attitudes. 

Character Judgments in Legalization Discourse 

Figure 5.6 shows the temporal patterns of the two most common clusters in the corpus: 

Anecdotal experiences and attitudes along with Crimes and politics. The former is by far the 

most anecdotal on average, making up more than a third of all text in both argumentative and 
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non-argumentative discussions. The cluster surges well ahead of both ballot initiatives, slightly 

decreasing in overall contribution as the vote approaches. The Crimes and politics cluster, on the 

other hand, is the most common generalized cluster in the argumentative portion of discourse, 

making up a fourth of all persuasion attempts (see Appendix C for anecdotal indices and topic-

by-topic correlations with inferred presence of persuasion attempts). The cluster’s amalgam of 

value discussions (like Government vs. individual power/rights) and broad consequences (e.g., 

Comparison with violent crimes) declines well before the political act of voting happens. The 

cluster-level patterns are incompatible with the topic-level results we saw in Figure 5.4, where 

generalized topics surged ahead of the state-level ballot initiatives.  

Figure 5.7 shows the cause of the discrepancy. The increased prevalence of Anecdotal 

experiences and attitudes before the 2012 legalization attempts is somewhat attributable to 

Expletives-laden discourse. This can be easily explained away by pointing to the growing 

heatedness of a hot-button debate. But the cluster-level pattern is even more related to Character 

judgments. As seen in Appendix C and briefly discussed in Chapter 4, Character judgments is a 

highly generalized outlier in an otherwise almost perfectly anecdotal cluster. This is due to some 

of the lowest proportions of eventive and bounded verb constellations, reflecting the topic’s 

emphasis on timeless and inherent properties. The judgments, however, simultaneously show a 

weaker preference for specific over generic entities, providing a point of connection with 

anecdotal content: The properties they assign may be applied to specific individuals/groups 

based on their actions. The versatility of character-focused judgments may explain their 

exceptional popularity in argumentation (see Appendix C), but also their anomalous 

unsupervised clustering. Topic models depend entirely on word cooccurrence patterns, and the 

terminology used to buttress Character Judgments is about how individuals or groups have acted  
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Figure 5.6. The proportion contribution of the two most common clusters in the corpus (y-axis) to 

discourse from Colorado (top panel) and Washington (bottom panel) over time (x-axis). The dark vertical 

lines identify the dates of state-specific ballot initiatives (November 2012 in both cases).   
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or will act. The following snippet, from one of the theme’s most representative comments (64% 

contribution), provides a clear example: “My big issue is that he [Obama] won't do anything 

right now, he's just using this as a "by the way, I'm a good guy, you should think well of me", 

rather than actually taking any actions…” 

The similarity between this topic and angel-devil shifts described in NPF research is 

obvious but the pattern goes beyond corroborating NPF findings by explaining the surprising 

persuasive potential of character judgments. Inter-topic correlations demonstrate that they often 

coincided with both anecdotal and generalized themes, the most prominent example of the latter 

being Government vs. individual power/rights from the declining Crimes and politics cluster (see 

Appendix B). Argumentative in focus, anecdotal in wording and generalized on average in 

linguistic properties, these personalized statements of human vice and virtue served as a versatile 

glue that connected anecdotes to underlying principles and broad consequences. The comfort 

embedded in their simplifying timeless claims may have been particularly soothing in the early 

steps of a major societal transition, transforming Character judgments into by far the most 

common theme in the corpus. Without the compositional approach taken in the earlier chapter, 

this remarkably nuanced theme profile would have been missed, resulting in an incomplete 

picture of the discourse shifts associated with major societal change. 

Plots: Power and Change 

Unlike the 2012 shift, understanding the 2016 generalized surge in marijuana discourse 

requires a more careful look at the Plot element in policy narratives. This element relies more on 

specific or regular events, connecting Characters to one another and to policy Setting in various 

ways (Jones et al., 2014).  
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Figure 5.7. The proportion contribution of topics from the “Anecdotal experiences and attitudes” cluster 

(y-axis) to discourse from Colorado (top panel) and Washington (bottom panel) over time (x-axis). 

Otherwise, details are similar to Figure 5.6.  
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Stone’s (2012, pp. 159-168) story types have provided a useful framework for NPF researchers’ 

operationalization of this concept. She argues that most overarching plot lines in politics revolve 

around two themes: Change and Power. The stories of Change emphasize progress, be it 

successful, illusory, or stymied. The stories of power are concerned with control or lack thereof, 

including conspiracy theories and blaming the victims. Stone’s characterization has proven 

empirically useful for the study of both social media frames and controversial local policies. 

McBeth et al. (2012) have shown that almost half of all YouTube videos about policies adopt a 

Control plot line with an emphasis on helplessness. Shanahan et al. (2013) showed that the 

“control” plot combined with a “power”-related decline framing is most common in a wind 

energy policy dispute.  

The narrative strategies that involve manipulating such overarching story lines are more 

powerful when a policy issue has sufficiently matured, because sequences of relevant real-world 

events provide the backbone for a convincing plot. Often multiple examples of recent events are 

linked with historical patterns to argue that the future will unfold in a certain manner. The 2016 

ballot initiatives provide a fitting setting for such plot-based strategies. Several years had elapsed 

since the first U.S. states had legalized recreational cannabis use, providing experiences to form 

the basis of generalized stories about Change (e.g., stymied progress due to criminalization) and 

the Power structure (e.g., the individuals’ “helplessness” at the hands of the government).   

Power and Change in Legalization Discourse 

Figure 5.8 shows temporal patterns for the top two clusters in California and 

Massachusetts, states that legalized recreational marijuana in 2016 to much media attention. The 
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decline in Anecdotal experiences and attitudes is mostly due to the steep drop in Character 

judgments (see Appendix F)41. 

 The decline coincides with a more modest but robust increase in discussions of Crimes 

and politics, the opposite of what we observed in 2012. As Figure 5.9 demonstrates, 

Comparisons with violent crimes and discussions of Government vs. individual power/rights 

account for the shift in discourse leading up to the 2016 ballot initiatives, with clear respective 

connections to the Control and Power themes theorized by Stone (2012).  

Compared with Character judgments, both of the surging themes are unequivocally 

generalized in linguistic profiles (Appendix E). The shift from a Character-focused intermediary 

between frames in earlier years to fully generalized Plot-focused arguments in 2016 may reflect 

the maturation of marijuana discourse as hypothesized above. But it may also more simply 

reflect the broader U.S. discourse climate: The ballot initiatives coincided with the 2016 general 

election in which Crimes and Politics served as key themes in Donald Trump’s campaign and 

consequently his rise to presidency. The exceptional polarization that permeated this period may 

have made political affiliation and ideology even more prominent. 

Summary of Anecdotal vs. Generalized Frames 

So far in this Chapter, I have discussed several nuanced temporal patterns in the public’s use of 

narrative frames, even though more in the corpus remain to be explored (see Appendix F for 

some examples). Increased sharing of anecdotes mainly in non-argumentative conversations 

emerged as a diffuse and slow-paced consequence of changing attitudes. At the same time, more  

 

41 - As a reminder, Character judgments was much more timeless than the average topic and therefore overall 

classified as generalized, but its focus on specific entities resulted in close association with anecdotal words. The 

consequence is that the topic represents a generalized outlier in an otherwise highly anecdotal cluster. 
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Figure 5.8. The proportion contribution of the two most common clusters (y-axis) to discourse from 

California (top panel) and Massachusetts (bottom panel) over time (x-axis), states that marked the 

beginning of the end for recreational prohibition. The dark vertical lines identify the dates of state-

specific ballot initiatives (November 2016 for California and December 2016 for Massachusetts).   
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Figure 5.9. The proportion contribution of topics from the “Crimes and politics” cluster (y-axis) to 

discourse from California (top panel) and Massachusetts (bottom panel) over time (x-axis), states that 

marked the beginning of the end for recreational prohibition. The dark vertical lines identify the dates of 

state-specific ballot initiatives (November 2016 for California and December 2016 for Massachusetts).   
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temporally circumscribed surges in generalized narratives, mostly within argumentative 

discourse, served as harbingers of major legalization milestones.  

I then zoomed in on each generalized surge to show that the narrative strategy favored 

ahead of a major transition depends on the sociopolitical climate at a certain point in time. In 

particular, early legalization victories depended on Character judgments while the final nails 

were hammered into prohibition’s coffin with Plot-focused strategies revolving around politics 

and crime. The shift happened entirely within the generalized portion of discourse, meaning that 

a non-compositional approach to frame classification would have missed it. Whether the same is 

true of more commonly studied narrative frames will be my focus in the rest of this chapter. 

Alternative Frames 

Emotions 

Are the generalized-anecdotal shifts accompanied by narrative frames more commonly 

studied in computational social science? One popular approach in the literature focuses on 

emotions expressed in text. Instead of the nuanced multi-dimensional definitions common in the 

psychology of emotions (Niedenthal & Rik, 2017), computational “sentiment analysis” is mainly 

concerned with valence, separating negative emotions from neutral or positive ones. The overall 

valence over time in discourse about a hot-button topic is often used as an easier-to-derive proxy 

for attitude. Motlagh et al. (2019) applied a similar idea to six months of marijuana-related 

Twitter chatter in 2019, arguing that the observed trend toward more positive emotions reflects 

the increasing societal acceptance of marijuana. Even if we ignore data quality issues, the short 

time span of the study calls into question the strong conclusion that is drawn about long-term 

change. More fundamentally, the premise connecting emotions to attitudes has been called into 

question (AlDayel & Magdy, 2019). Regardless, emotions are central to narrative persuasiveness 



164 

(Jones et al., 2014) and their combination with more informative distinctions may still prove 

useful for understanding the harbingers or consequences of the marijuana attitude shift. 

One such theoretical combination is championed by Brady et al. (2017; 2020). They have 

argued that only emotion embedded in moralized language (i.e., “moral outrage”) is reliably 

associated with message virality, persuasiveness and polarization. Here, morality can be defined 

as a system of beliefs or set of values relating to right conduct, against which behavior is judged 

to be acceptable or unacceptable (APA Dictionary of Psychology, 2020). Both the primacy of 

emotions in political discourse and the importance of moral framing to polarizing policy 

narratives has been emphasized by NPF researchers, providing some independent backing to the 

fundamental idea (Jones et al., 2014; Matthes, 2009). Corroborating social media evidence for 

the hypothesis initially came from lexicon-based analyses of Twitter chatter about hot-button 

issues. More recent work has employed neural networks. Nevertheless, conflicting evidence 

means that the jury is still out on the power of moral outrage (e.g., see Burton et al., 2020).  

Conditioned on reliable measures of both sentiment and moralization (to follow), I can 

weigh in on this debate, and to possibly add a new theoretical dimension to the discussions: As I 

discuss in more within the next section, there are reasons to believe that moralized language 

tends to be generalized rather than anecdotal. Before I get into theoretical discussions, however, I 

try to establish the validity of my sentiment measures. 

Methods and Results 

To determine the emotional valence of corpus comments, I used an ensemble of popular 

neural and non-neural packages (see Appendix B under training details for a description of how 

document-level sentiment scores were derived). Figure 5.10 shows the average standardized 

sentiment over time, separated by package and the presence of pro-legalization arguments.  
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The first thing to note is the highly limited range. Values can go from -1 to 1, with below zero 

numbers identifying negative emotions and positive numbers the opposite. The averages, 

however, do not venture farther than 0.05 in any direction across the years, and all stay close to 

zero. This attenuation of range is partly to blame for the more erratic patterns in the smaller 

corpus subset (right-hand figures). Despite such issues, a slight increase over time in inferred 

sentiment across the entire corpus is visible across packages. It is doubtful that the change would 

overcome noise and reach statistical significance, but if we assume that it is reliable, it represents 

a slow-paced consequence of changing attitudes. In other words, it may be a noisier and slower 

companion of the anecdotal consequence of legalization discussed earlier in this chapter. 

Positive spikes in the last quarters of 2012 and 2016 could serve as similarly noisy echoes 

of the ballot initiatives that brought about country-wide legal changes. We know from the 

discussion of generalized versus anecdotal framing that connecting abstract frames to more 

concrete themes can reveal shifts in discourse that would otherwise be missed. To potentially 

enhance the sentiment patterns and provide more insight into the “why” and “how” of any shifts, 

I first examined the scores’ correlation with the contributions of key topics behind the 

generalized surge that legalization followed:Character judgments and Government vs. individual 

power/rights. The correlations did not surpass [-0.05,0.05] for any sentiment measure with either 

human- or network-generated labels, and none reached significance despite the immense sample 

size. Given the polarizing nature of the second topic and the explicitly emotional focus of the 

former (being about “good” versus “bad” people), the most likely reason for this outcome is 

invalid measurement (see Appendix B for the counter-intuitively meager correlations between 

sentiment scores and other topics). Such haphazard associations with discourse themes show the 

measures’ shaky connection to the contents of discourse, explaining the noisy temporal trends.  
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Figure 5.10. Mean emotional valence for entire corpus (left) and pro-legalization persuasion attempts (right), separated by package. See text. 
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There are further indications of validity issues with the sentiment measures. Attitude 

estimations showed hardly any correlation with inferred valence (Pearson’s r = 0.04,0.02 and 

0.03 for TextBlob, Vader and their average, respectively). This corresponds to what other 

computational researchers have recently found (AlDayel & Magdy, 2019), and casts doubt on the 

findings of studies like Motlagh et al. (2019). A plausible reason for the unreliability of simple 

sentiment measures is that an emotion’s target, the entity it applies to, is necessary for its 

interpretation42. A comment may show anger toward liberal lawmakers or law enforcement 

officials, with the legalization attitude shifting while the emotion remains the same.  

Persuasion attempts, on the other hand, were weakly correlated with negative sentiment, 

probably reflecting the propensity of argumentative discourse to become heated (Pearson’s r = -

0.07, -0.13 and -0.12 for TextBlob, Vader and their average, respectively). The correlations, 

however, are still too low to interpret and make use of, explaining the results of my ill-fated 

attempt to use sentiment scores for attitude and persuasion attempt pre-training in Chapter 3.  

Summary 

Marijuana discourse (especially non-arguments) showed hints of becoming more positive 

in valence over time. Similarly small positive sentiment spikes coincided with ballot initiatives in 

2012 and 2016 but could not be reliably associated with the discourse themes whose prominence 

increased or diminished during the same period. More sophisticated sentiment analysis methods 

may uncover more insightful connections between my focal dichotomies and sentiments. 

However, target-based modeling and fine-tuned rather than off-the-shelf models of emotionality 

would likely be needed to unearth them, which lie beyond the scope of the current dissertation.  

 

42- This is often called “sentiment aspect” and is generally difficult to extract (Wang et al., 2016). Here, I abstain 

from using “aspect” because it may be confused with the linguistic property of the same name (called eventivity in 

this dissertation). 
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The same can be said of the moral outrage hypothesis (Brady et al., 2017; 2020). A 

mixture of emotional and moralized language may better indicate attitudes, but identifying it 

requires valid sentiment estimates that non-customized tools ill-afford. A more nuanced 

comparison of moral outrage with the anecdotal duality is thus left for future research.  

Moral Foundations 

Moral language by itself, rather than combined with notions of sentiment, is arguably the 

most common subject of theory-inspired computational research on social media (Sagi & 

Dehghani, 2014). Many of the explorations focus on morality’s theorized compositional 

structure, with my previous work on same-sex marriage being an example of the same approach 

(Hemmatian et al., 2019b). That paper looked at the prevalence in discourse of themes from two 

major historical traditions in moral philosophy: deontology whose relatively universal rules are 

resistant to compromise, and utilitarianism which relies on the concrete consequences of actions 

to judge their moral worth (Baron & Spranca, 1997; Tanner et al., 2008).  

Instead of looking to moral philosophy, the most influential computational studies of 

morality on social media have favored the more descriptive Moral Foundations Theory (Graham 

et al., 2009; 2013). This popular theory posits that moralized language would reflect one or more 

of the following fundamental dimensions: Care, Fairness, Loyalty, Authority and Sanctity/Purity. 

Given the framework’s prominence in prior research, I examine whether its five dimensions can 

explain the harbingers and consequences of the shift in marijuana attitudes. 

Conceptually, the moral of a narrative which is more likely to contain an appeal to 

moralized language is by definition generalized: It strives to extract a lesson from the story that 

can be applied elsewhere. This creates at least some affinity between generalization and 

moralization. However, the Characters and Plots of narratives need not show a one-to-one 
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correspondence between the two. Anecdotes may have a fable-like structure where the specific 

narrative serves the purpose of illustrating a moral principle. However, many anecdotes have no 

explicit or straightforward lesson embedded in them. Similarly, generalized moral arguments are 

sometimes presented and judged on their own abstract or hypothetical merits. But generalized 

discussions may also describe the world as it is with no normative and therefore moral valence.  

I am not aware of any modern computational studies that have looked at the intersection 

of moralization and generalized-anecdotal language online. But some predictions about the 

interaction of the two can be derived from conceptual similarities. Angel- or devil-shifts 

exemplified by generalized Character judgments are inherently moralized. Hero, villain, and 

victim labels all carry normative weight, especially when applied to generic entities (Prasada & 

Dillingham, 2006; Prasada et al., 2013). This connects such judgments to moral language of the 

type classified by Moral Foundations Theory (Graham et al., 2009, 2013). Values that we are 

reluctant to compromise also tend to be moral (Ginges & Atran, 2009). As my past research on 

Korea reunification has found, such values can in turn inspire beliefs about generic consequences 

that are neither informed by nor profoundly shaken by most experiences (Hemmatian & Sloman, 

2019a; 2020a). Therefore, all types of generalized Character- and Plot-based narrative elements 

that surged ahead of important ballot initiatives are theoretically more aligned with moralized 

than amoral language.  

The normativity embedded in moral statements means that moralized language takes on a 

more argumentative flavor by necessity. This is especially true of explicitly moral language, 

which unsurprisingly serves as the focus of computational approaches to Moral Foundations 

Theory (e.g., Frimer et al., 2015; Garten et al., 2019). Combine this idea with the conceptual 

alignment of moralized content, and increased use of Moral Foundations emerges as a likely 
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correlate of the generalized prelude to legalization. Given the increasingly non-argumentative 

nature of marijuana discourse over time, the anecdotal consequence of legalization is in turn 

likely accompanied by reduced moralization43. Whether fine-grained clause- and foundation-

level profiles of moral and generalized frames move in tandem, nonetheless, remains to be seen. 

Methods 

The Moral Foundations Theory owes much of its popularity in computational research to 

convenient, empirically validated tools. Much of the related research has employed lexicons of 

terms associated with positive or negative ends of each dimension (called virtues and vices; 

Frimer et al., 2015). More recent work has relied on large, annotated Twitter corpora, which have 

proven helpful for automated classification of natural text using both neural and non-neural 

machine learning techniques (Hoover et al., 2019; Garten et al., 2019, Kwak et al., 2021).  

I follow the lexicon methodology, using Moral Foundations Dictionary v.2 (MFD2; 

Frimer et al., 2015). The decision is largely due to convenience: Adapting and applying neural 

networks to my Reddit data required more time than I could afford. Nonetheless, I contend that 

the patterns to be shared are unlikely to change fundamentally by using more recent methods. 

The main strength of neural networks relative to lexicons is their statistical power, meaning they 

are more capable of uncovering existing patterns in the data. MFD2 as the less powerful 

alternative already shows robust associations with themes of discourse and interesting temporal 

 

43 - I am not, however, arguing that no moral content will be found in non-argumentative discourse. The point may 

be made clearer by Austin’s (1975) notions of locutionary, illocutionary and perlocutionary speech acts, briefly 

mentioned in Chapter 4. Moralized language may show up in the literal sentence (the locutionary act), be part of the 

implied yet intended meaning (the illocutionary act) or feature in a reader’s interpretation regardless of the author’s 

goal (the perlocutionary act). Perlocutionary impact in the absence of moral intent is likely the most common source 

of moralized language in non-argumentative discourse. However, since it strays far from the literal language, that 

type of content is less likely to be picked up by common methods that identify moralized language in text, like the 

lexicon-based approach to be described. 
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patterns, suggesting that a lack of statistical power was not a major issue. Caveats of the 

exploratory analysis, however, are discussed where relevant to be addressed in future work. 

Simple preprocessing steps ensured that accurate per-document frequencies can be 

extracted using MFD2 for each Moral Foundation. Casing was removed, and non-alphanumeric 

characters were replaced with spaces. I then counted the number of times each lexicon item 

appeared in a comment independently (i.e., not as part of another word/phrase). This included 

both single-word and phrasal items. Once per-document frequencies were extracted, I calculated 

the average monthly per-document frequency of items from each Moral Foundation, divided into 

vice and virtue subsets. The temporal patterns in the average frequencies were then examined 

using locally smoothed 3rd degree polynomial regressions.  

Results 

The results can be seen in Figure 5.11, with the left column showing frequencies in the 

entire corpus, while the right column shows the same only in pro-legalization persuasion 

attempts. The ranges on the y-axes differ wildly across foundations and even the virtue versus 

vice distinction. The overall temporal patterns are more comparable. While the average 

frequencies may create the impression that the changes over time are not significant, they at 

times reflect increases or decreases of about 30% across the years, suggesting that moralization 

is indeed a reliable correlate of shifts in marijuana discourse.  

For every foundation at least one of the positive and negative instances shows a decline 

in influence when looking at the entire corpus (left-hand side). “Amoralization” has been shown 

to decrease perceptions of bias and increase empathy (Lucas & Waytz, 2014), so it could have in 

principle contributed to the changing of attitudes, but the temporal discourse pattern is more in 

line with the less-localized, slow-paced consequence of the shift we observed earlier. Also in line 
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with this interpretation are the much flatter trends in the argumentative subset of the corpus 

(right-hand side). In other words, it is not the case that people used less moralized language in 

arguments over time, but that the general conversations about marijuana became less moralized. 

The foundation-by-foundation results are for the most part intuitive given the terms 

included within the lexicon. Less talk of order and law enforcement (authority-virtue) may 

reflect decriminalization, while fewer discussions of harm (care-vice) and justice (fairness-

virtue) may show a corresponding change in the perceived risk of marijuana (see Chapter 2). The 

decreased discussion of compliance (loyalty-virtue) is patently related to decriminalization. 

Finally, drug-related terms in the list of impurity (sanctity-vice) tokens explains the steep 

decrease in the final Foundation’s contribution over time.  

But do the foundations tell us anything about the harbingers of legalization, correlates of 

the generalized prelude to ballot initiatives? The one dimension that stands out as interesting is 

care-virtue, represented by words like “kindness”. Its’ uniquely increasing prominence over time 

in arguments may have been both a cause and an effect of more generous attitudes toward users. 

Reinforcing its potential role as a cause, the early increase in its employment within the broad 

corpus predates the most influential state-level votes.  

Nonetheless, nothing similar to the generalized surges of 2012 and 2016 can be seen even 

for this foundation. This may be a side effect of using features directly to plot temporal changes. 

After all, the generalized-anecdotal duality also had to be tied to more concrete themes of 

discourse before it would capture the more localized patterns. Can similar topic-Foundation 

associations connect moralized language to the generalized surges? As can be seen in Appendix 

F, correlations between topics and the foundations vary greatly across topics and among the 

moral dimensions. Their relative strengths are intuitive, making it likely that much of the  
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         In Neutral or Non-Argumentative Texts In Positive Attitude, Argumentative Texts: 

 
Figure 5.11. The per-document frequency of terms associated with each of five Moral Foundations (y-

axis), based on Moral Foundations Dictionary v.2 (Frimer et al., 2015). For each foundation, the figure 

on the left shows the patterns over time in the entire corpus, while the figure on the right highlights the 

positive attitude persuasion attempt subset. The lines are based on locally smoothed 3rd degree 

polynomial regressions and gray areas mark 95% confidence intervals. Note that the y-axis ranges differ 

to highlight temporal trends given wide-ranging baselines across the foundations and inclusion criteria.  
 

variability reflects information rather than noise. Good range and compositionality make moral 

foundations promising targets for a thematic analysis. Performing a complete topic-Foundation 

review, however, is time-consuming and therefore beyond the current scope. I will instead share 

preliminary results before moving on. 

The two themes whose contributions to a comment correlate the most with the Moral 

Foundations are Character judgments and Government vs. individual power/rights (average 

Pearson’s r= .24, .28; see Appendix F). You may remember them as key preludes to the 2012 
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and 2016 ballot initiatives, where the rise of one at the expense of the other marked major 

legalization milestones. The other topic that surged in 2016, Comparison with violent crimes, 

shows a somewhat lower but still robust association with moral language (average r=.18). The 

moralization of these key themes suggests that the localized shifts happened within a moralized 

discourse frame. This finding is consistent with the idea that moralized, generalized language set 

the stage for legalization. In the absence of reliable evidence regarding emotional content, moral 

outrage remains a possible correlate of the generalized prelude too (Brady et al., 2017, 2020). 

So far, the Moral Foundations Theory (Graham et al., 2009; 2013) and similar approaches 

that emphasize moral language are on equal footing with the generalized-anecdotal duality, 

characterizing the two surges using the same singular abstract frame. However, while the clause-

level profile of judgments differed from both of the harbingers in 2016, all topics show 

remarkably similar Moral Foundation patterns: They are robustly related to every single 

foundation (Appendix F). In other words, the compositional nature of the moral theory does not 

help us distinguish the shifts in 2012 and 2016, unlike the generalized-anecdotal duality44. 

If Moral Foundations Theory cannot fully explain the shifts in moralistic discourse that 

legalization followed, what other moral framework can characterize the changes? Government 

vs. individual power/rights is patently value-laden, while Comparison with violent crimes clearly 

 

44 - We should in any case be wary of reading too much into the temporal patterns of Figure 5.11. Despite 

convenient intuitive interpretation, it is difficult to analyze them as reflecting abstract moral frames in the same way 

that formal features like genericity, eventivity and boundedness allow. MFD2 includes many terms necessarily used 

when discussing particular content areas (e.g., arrest), which reflect more the themes of discourse than their framing. 

Yet other sets suffer from base rate issues. For instance, the almost complete absence of loyalty-vice terms in my 

corpus may have more to do with the list of related terms being shorter and composed of rarely used tokens like 

“heresy”, than with the unimportance of this dimension to moral thought about cannabis. Other sets are too broad 

rather than too narrow. For instance, sanctity-vice mixes words like “drug” with “sin” and “fuck”, representing 

words needed to discuss marijuana policy, vulgar language, and religious connotations as the same entities. Note 

that neural network performance is highly variable across the five Moral Foundations too (Garten et al., 2019), 

meaning that such interpretation issues would not be simply resolved by using the most common recent techniques. 
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favors consequences of actions. The two topics, however, showed similar patterns ahead of the 

2012 and 2016 votes. As such, the relative balance between them (the focus of Hemmatian et al., 

2019) cannot distinguish between discourse at the two time points. 

The Character-focused strategies in 2012 may instead represent a collective toward virtue 

ethics at the expense of both deontological values and utilitarian consequences. In virtue ethics 

certain actions and outcomes emanate from individuals or groups because of their morally 

potent, generative, and stable properties (Trianosky, 1990). Virtue and vice thus construed 

represent a third major tradition throughout the history of moral philosophy, popularized by both 

Western (e.g., Aristotle) and Eastern (e.g., Confucius) thinkers (Angle & Slote, 2013) 45. 

Conversely, the 2016 shift may represent a collective move back to deontological and utilitarian 

modes of moral thinking. Without separate features for the main referent and target event of a 

statement, such a distinction would have been lost in my computational analysis.  

Why do we observe such a shift? I will offer some conjectures within the next and final 

chapter, based on the idea that much like the generalized-anecdotal duality, moralization serves 

the purpose of simplifying decision-making in a complex and unpredictable world. However, to 

conclusively confirm or disconfirm my characterization of the moral shift, and to identify the 

cognitive underpinnings if my framing is accurate, requires more empirical evidence than I have 

provided. A more direct and quantitative comparison of the moral frameworks than afforded by 

my qualitative discussion here remains a worthwhile direction for future research. 

 

45 - This use of the terms “virtue” and “vice” should not be confused with their less theoretically accurate usage in 

Moral Foundations Theory (Graham et al., 2009; Graham et al., 2013) to refer to the negative and positive “poles” of 

each moral foundation. No one-to-one correspondence exists between the three over-arching moral philosophy 

frameworks and the more psychology-inspired foundations, although conceptual associations abound (e.g., between 

sanctity and values or care and consequentialism). Rather ironically given the nomenclature, virtue ethics does not 

have an obvious mapping to the various foundations. 
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Summary and Conclusion 

I started this chapter with a discussion of four hypotheses about the harbingers and 

consequences of marijuana legalization. All were intuitively plausible and indicated by certain 

prior evidence. To adjudicate between them, I examined whether each corresponds to temporal 

trends in my Reddit corpus. A diffuse shift over time in favor of non-argumentative anecdotes 

coincided with the emerging consensus in favor of legalization. This suggests that greater non-

strategic sharing of anecdotal narratives is a common consequence of changing societal attitudes. 

A more careful geographical analysis of Reddit content helped me adjudicate between the 

hypotheses about the harbinger of change, showing that a more localized surge in generalized 

discourse set the stage for legalization milestones. Compositional definitions of generalized 

discourse allowed me to distinguish strategies used in 2012 and 2016. In the former, Character-

focused generalized narratives became more prominent at the expense of Plot-related discussions 

of politics and crime. The opposite happened in 2016, perhaps due to the political climate at the 

time. The distinction showed that while a surge in generalized discourse tends to coincide with 

major societal decisions, the strategies used are adapted to the social environment.  

I then examined whether popular approaches in computational social science explain the 

generalized-anecdotal findings. Sentiment measures were volatile and unreliable. Moralization, 

on the other hand, turned out to be a robust correlate of the generalized prelude to legalization, 

while its decline coincided with the anecdotal shift in non-argumentative discourse. The 

distinction between prominent strategies in 2012 and 2016, however, found no echoes in Moral 

Foundations Theory (Graham et al., 2009, 2013). It is nonetheless possible that future research 

with more powerful models of moralized language would uncover more nuanced associations 

between generalization and morality on social media.   
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Chapter 6: Summary and Conclusion 

In this dissertation I developed pipelines for examining platform-wide social media 

discourse based on fine clause-level properties that reflect psychological dimensions of 

theoretical interest, showcasing the promise of supervised and unsupervised machine learning for 

understanding discourse correlates of mass attitude change. As a proof of concept, I studied the 

balance of generalized versus anecdotal narrative frames, a property deemed important across 

disciplines to persuasion and therefore public attitude. Marijuana discourse in the U.S. was a 

fertile ground for testing my new methods, as support for legalization increased from 35% to 

67% between 2008 and 2019. In more qualitative terms, the issue made an unusual transition 

from being a hot-button topic to a subject of broad societal consensus. 

I enumerated four hypotheses about expected temporal trends in public use of generalized 

and anecdotal frames that coincide with the transition. Experimental research on persuasion 

largely favored anecdotes as bringers of change (Freling et al., 2020), but I argued that studies of 

public attitudes make the opposite just as plausible: That landmark legalization votes follow an 

increase in generalized discourse instead (e.g., Hemmatian & Sloman, 2019a; 2020a). As for the 

discourse consequences of legalization, I drew upon my past research on same-sex marriage 

(Hemmatian et al., 2019) to describe several reasons why generalized and anecdotal discourse 

are both plausible candidates for becoming more popular in later years. 

To test these hypotheses, I extracted the largest and cleanest social media corpus on 

marijuana, covering specifically legalization-related discourse from Reddit (2008-2019; 

3,059,959 comments). I used unsupervised topic modeling to identify the major themes of 

discourse, which later proved crucial for understanding the ebb-and-flow of the national 

conversation. Neural networks trained on hundreds of human-rated documents showed that 
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discourse has become less and less focused on expressing attitudes and outright persuasion 

attempts with the passage of time, becoming more matter of fact (Chapter 3). This shift was 

particularly pronounced in 2012 when a majority of U.S. residents supported legalization for the 

first time and the first U.S. states legalized recreational marijuana.  

A separate set of neural networks then classified clause-level linguistic features, showing 

that throughout the studied interval, a generalized narrative frame was dominant, although mixed 

with at least some anecdotal content in most cases (Chapter 4). The ubiquity and relative 

contribution of anecdotal evidence was especially prominent in comments containing strategic 

use of narratives. This composition, several prominent examples of which were discussed, may 

have facilitated the rapid changes in attitude (Freling et al., 2020), but it could also have been an 

inherent feature of discourse at the time. Comparisons with other issues moving towards and 

away from consensus would allow better adjudication between the two possibilities. 

Once the necessary tools had been developed in Chapters 2-4, I examined the evidence 

for or against the four temporal hypotheses (Chapter 5). Anecdotal framing served as a sign of 

changing attitudes, with more anecdotes shared in non-argumentative discourse after the legal 

landscape transformed. This shift, however, was slow-paced and more observable at the national 

level, perhaps because of the varied consequences of local legislation.  

In contrast, a surge in generalized framing predated the 2012 Colorado and Washington 

ballot initiatives which legalized recreational use for the first time. These votes jumpstarted a 

spate of legislation and ballot initiatives across the country, with California and Massachusetts 

marking the beginning of the end for prohibition with their votes in 2016 (Lopez, 2018). A surge 

in generalized discourse similar to 2012 emerged ahead of these later ballot initiatives, reflected 
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in local discussions as well as the broader national conversation. Together, these patterns marked 

generalized discourse as a temporally circumscribed harbinger of successful legalization. 

Chapter 4 operationalized generalized narratives in a compositional manner, based on 

three properties derived from linguistic theory: Whether a clause is about a generic kind rather 

than specific instances, whether it presents a reliable state or an event, and whether events are 

bounded by time. This compositional representation allowed me to distinguish between subtypes 

of generalized discourse that were prominent in 2012 and 2016. Character judgments, somewhat 

more specific than average but showing a strong emphasis on timeless properties, were 

harbingers of the first legalization milestone. During that period, another group of generalized 

topics more focused on statements about generic entities and concerned with issues like crime 

and politics were declining in relative influence. Interestingly, the pattern reversed in 2016, 

perhaps due to the highly politicized atmosphere at the time and the prominence of crime in the 

related political narratives.   

Connecting these findings to past research on policy narratives (Jones et al., 2014), I 

argued that they represent shifts between Character-based and Plot-based persuasion strategies. I 

argued that Character-focused judgments’ versatility due to their unique narrative profile 

explains their early popularity. They are versatile in applying to individuals and generic groups, 

generalized in focus on timeless qualities, but simultaneously similar to anecdotes as they 

emphasize the Characters’ roles in sequences of events. Worded like anecdotes and thus 

clustered with them but general in essence, they served as a glue connecting different frames, 

correlated with both highly anecdotal and highly generalized themes. With their timeless and 

inherently moralistic meaning, they offered seamless connection between evidence and users’ 

preferred Policy Solutions. The role of Character judgments in the lead-up to major societal 
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shifts must be confirmed in further social media studies. However, it mirrors previous work on 

formal campaigns, where conflict framing and consequently angel- and devil-shifts exaggerate 

the noble intentions of protagonists and the evil goals of the villains (McBeth et al., 2007; 2010).  

I related such character judgments to virtue ethics, which dominated moral thinking 

throughout the ancient and medieval periods, therefore still permeating the global cultural 

heritage (Angle & Slote, 2013). In more recent periods, deontological values and utilitarian 

consequences have become more influential bases for moral judgment in academia. It 

nonetheless makes intuitive sense for virtue ethics to be prominently revived in early periods of 

societal transition. When polarization is on the rise (Pew Research Center, 2020) and much of 

the population does not share one’s values, deontological discussions may become fruitless. The 

same polarization also means that the public’s trust in others’ knowledge is eroded, making a 

profound conversation about expected broad consequences difficult even if relevant information 

exists in the community. Both patterns encourage greater reliance on an alternative moral option. 

But as legalization attitudes became less divisive, more hands-on experience with the 

consequences of legalization had accrued, and the discourse had thus matured, more 

sophisticated Plot-based persuasion attempts took over in 2016, narrative strategies that also 

feature strongly in professional campaigns (McBeth et al., 2007; 2010). 

Computational research on social media has focused on moral narrative frames (e.g., 

Hemmatian et al., 2019; Hoover et al., 2019). Legalization in 2012 and 2016 followed 

generalized surges largely due to highly moralized discourse themes, establishing an empirical 

link between the generalized-anecdotal duality on one hand, and moralization-amoralization on 

the other. This association in a sense redeems the focus of past research. However, neither the 

more generic moral outrage (Brady et al., 2017; Brady et al., 2020) nor the more detailed Moral 



182 

Foundations Theory (Graham et al., 2009, 2013) could distinguish the 2012 and 2016 shifts. This 

final nuance remained a unique contribution of the generalized-anecdotal duality to 

understanding changes in discourse, although analyses with more sophisticated computational 

models of morality may uncover further insights. 

Whatever the empirical representation of the moralizing generalized shift, it is not 

difficult to see how it can greatly simplify decision-making when uncertainty is at its zenith. 

Sweeping generalizations like “Users are lazy” or “Legalization does not increase cannabis use” 

cut through the undesirable messiness of policies’ actual consequences. They sidestep the fact 

that, especially early-on in the course of legalization, hardly anyone knows much about the broad 

outcomes. They provide intuitively solid grounds for firm positions when data is at its weakest.  

It is tempting to consider the shift as a positive force as long as its association with 

emerging consensus is replicated, but only if societal agreement is seen as an inherent good. The 

focus on the moral frame came at the expense of expository discourse, depriving decision-

makers from substantive information on policy consequences. For instance, the Types and Uses 

cluster of themes contained detailed examinations of marijuana’s addiction potential, its health 

effects, and even societal consequences. Legal definitions and procedures offered similarly 

insightful discussions about regulation of the substance. These topics are highly relevant to 

whether marijuana should be legalized and how. They therefore should have been front-and-

center in any related discussion. Instead, they remained stagnant throughout the transition period 

and did not feature strongly in argumentation. While generalization and moralization may have 

helped us reach consensus, they did not necessarily promote more informed decision-making. 

Research on news surrounding marijuana legalization suggests that this is not an idiosyncrasy of 

informal social media conversations (Brekken & Fenley, 2020). News coverage is similarly 



183 

oriented toward conflict rather than exposition in the lead-up to major votes, with informational 

content picking up only after laws are passed. In other words, when collective decisions need 

detailed information the most, it is most lacking in expert exposition layperson discourse alike.  

While correlational, my findings show the value of detailed narrative analysis for 

understanding the evolution of social discourse and connecting its’ changes to shifts in attitude. 

Qualitative researchers have emphasized this point for decades but lacked the necessary 

machinery for studying it at the level of entire societies. My main contribution is showing the 

ability of modern machine learning to examine fine details of narrative structure at scale, as well 

as clarifying the particular computational tools necessary for such efforts’ success.  

The localized harbingers of legalization only surfaced after the abstract and formal 

narrative frames were connected to more concrete themes of discourse (Chapter 2). Without 

networks for identifying attitude and persuasion attempts, the potential causes and consequences 

of legalization would not have been separated (Chapter 3). If a compositional approach had not 

been taken for the modeling of generalized-anecdotal discourse, the distinction between 

strategies employed in 2012 and 2016 would not have been uncovered (Chapter 4). Finally, if the 

study did not take a longitudinal perspective that has been altogether absent from social media 

research on the topic, the more slow-paced changes like the anecdotal surge following 

legalization would have been missed (Chapter 5).  

This is not to say that my proposed pipelines and their application to marijuana 

legalization discourse are without their limitations. As discussed in Chapter 2, the correlational 

insights must be confirmed in more controlled experimental settings before actual causal 

connections can be drawn. Bias in the population of Reddit users must be overcome through 

studying other platforms if the findings are to be generalizable (Duggan and Smith, 2013). 
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Relatedly, associations with real world events beyond the few studied legalization milestones 

would greatly strengthen the argument for practical relevance of the anecdotal/generalized 

distinction. Given the availability of large-scale demographic and behavioral data and its relative 

ease of processing compared with the nuanced text-based approaches developed in this 

dissertation, they should represent rather straightforward extensions of the current work.  

Finally, the network structure embedded in the communications between users must be 

accounted for to provide a full picture of how narrative frames are employed. My hope is that the 

simultaneous data-driven and theory-rich nature of my findings will inspire other computational 

social scientists to address the limitations by further developing the pipelines or complementing 

them with alternative approaches. I hold on to the hope that a better scientific understanding 

enabled by such investigations will one day result in less polarized but more informed discourse. 
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Appendices 

Appendix A: Phrases Included in Regular Expressions  

Marijuana 

\bBhang\b, \bCheeba\b, \bDody\b, \bEscoba\b, \bHemp\b(?! clothes)(?! clothing), 

\bKaff\b, \bKaya\b, \bKiff\b, \bKush\b, \bWeed\b(?! out\b)(?! through\b)(?! killer)(?! control)(?! 

its' way into)(?! its way into), \bNug\b, (?<!melting-)(?<!melting )(?<!crack )(?<!stir the 

)(?<!stirring the )(?<!stirred the )(?<!sweeten the )(?<!pol )(?<!flower )(?<!honey )(?<!meet 

)(?<!crock )(?<!smoke )(?<!split the)\bpot\b(?!.shot)(?!.luck)(?! of )(?! black)(?! calling the 

kettle)(?!.hole), \bTHC\b, \bSativa\b, \bZambi\b, Bambalachacha, Black Bart, Blue Dream, Blue 

Sage, Bobo Bush, Cannabis, Citrol, Colorado Cocktail, Creeper Bud, Crippy, Devil's Lettuce, 

Devils Lettuce, Devil Lettuce, Doobie, Downtown Brown, \bGanja\b, Giggle Smoke, Good 

Giggles, Grand Daddy Purp, Granddaddy purp, Grand Daddy purple, Granddaddy purple, 

\bGrass\b(?!.root)(?!.fire)(?!.fed)(?! withers), Green Crack, Green Goblin, Green Goddess, Green 

Skunk, \bGunga\b, Hashish, Jolly Green, Jon-Jem, Jon Jem, JonJem, Joy Smoke, Magic Smoke, 

Manhattan Silver, Maracachafa, Marijuana, Maui Wowie, Moocah, Narizona, Pakalolo, Platinum 

Jack, Pocket Rocket, Prop 215, Proposition 215, Purple Haze, Purple OG, Queen Ann's Lace, 

Queen Anns Lace, Queen Ann Lace, Ragweed, Red Dirt, Reefer, Righteous Bush, Sinsemilla, 

Shwag, schwag, Smoochy Woochy Poochy, smoke a joint, smokes a joint, smoking a joint, 

smoked a joint, Sour OG, Spliff, Tangy OG, Trinity OG, \bTweed\b, \bTweeds\b, White-Haired 

Lady, Whitehaired Lady, White Haired Lady, Yellow Submarine, Yen Pop 

Legality 

abolish, actionable, acquit, allowable, arraign, arrest, authorize, disallow, (?<!trans 

)\bban\b, (?<!trans )\bbans\b, \bbanned\b, \bbanning\b, banaliz, break the law, breaks the law, 
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broke the law, bridewell, \bcourt\b, \bcourthouse\b, constitution, constable, constabulary, 

crackdown, crack down on, cracks down on, cracking down on, cracked down on, 

\bcop\b(?!.out), \bcops\b(?!.out), \bcharged with, \bcharging with, \bcharges with, \bcharge with, 

\bcharges against, crime, criminal, \bde jure\b, \bde-jure\b, detain, detention, \bdue process\b, 

\benforc, exonerat, exculpat, felony, feloni, incarcerat, jail, judicature, judicia, justic, (?<!sister in 

)(?<!mother in )(?<!father in )(?<!brother in)(?<!sister-in-)(?<!mother-in-)(?<!father-in-

)(?<!brother-in-)(\blaw\b), (?<!in.)(?<!by.)(\blaws\b), \bindict, \breindict, law-abiding, 

lawabiding, lawbreak, lawful, lawgiver, \blawless, lawyer, lawmak, lawsuit, legal, legisla, litigat, 

lockup, \blicit\b, \billicit\b, \blicitness\b, \billicitly\b, complicit, correctional, incrimin, legitim, 

misconduct, misdemeanor, \bmistrial, nonenforc, (?<!no )offense, (?<!no )offence, 

\bordinance\b, outlaw, \bpenal\b, (?<!beg your )pardon(?! me), pardons, pardoning, pardoned, 

penali, penally, penalt, penitentiary, permit, \bplea\b, \bpleas\b, plead, \bpled\b, \bpolice, 

antipolice, prison, prohibit\b, prohibits, prohibitting, prohibited, prohibition, prosecut, punish, 

\bbring to trial, \bbrings to trial, \bbringing to trial, \bbrought to trial, \bput on trial, \bputs on 

trial, \bputting on trial, \bput behind bars, \bputting behind bars, \bputs behind bars, regulariz, 

regulat, \brehear\b, \brehearing\b, \breheard\b, \brehears\b, \bremand, \brepeal, \bretrial, 

\brightful, rubber-stamp, rubberstamp, rubber stamp, ruling(?! it), sanction, \bsentenc, resentenc, 

statut, \bsuing\b, \bsued\b, \bsues\b, \bsue\b, \bserve time, serves time, serving time, served time, 

the clink, the slammer, tribunal, unenforc, verdict 

List of Retained Stopwords 

How, should, should've, could, can, need, needn’t, why, few, more, most, all, any, 

against, because, ought, must, mustn't, shouldn't, couldn't, shan't, needn't 
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Appendix B: Attitude and Persuasion Attempt Classification 

Annotator Instructions 

Attitude 

Consider the attitude most clearly expressed in the text, rating it on the scale below. 

UNCLEAR if the particular attitude is difficult to make out based on the text but does seem to 

exist (e.g., in Grover-generated documents). 

0 - not applicable. Not related to the topic or no attitude is expressed in either direction (e.g., 

statement of fact, reference or answering a question). 

1 - clearly against 

2 - moderately against or exhibited behaviors that reasonably imply an attitude against 

3 - indifferent, i.e. “I don’t care either way.” 

4 - moderately in favor or exhibited behaviors that reasonably imply an attitude in favor 

5 - clearly in favor 

Persuasion attempt 

A persuasion attempt involves an attempt to change the reader’s mind and/or reasoning in 

support of a certain position. It can be defined as “forming reasons, drawing conclusions and 

applying them to support the author’s policy position or to convert the reader to their stance” 

(Adapted from Merriam-Webster, 2011; Peldszus & Stede, 2013). 

The writer does not have to explicitly share their position, as long as it can clearly be 

inferred from the text. Additionally, the premises that lead to their conclusion may be stories 

rather than clear-cut logical statements (e.g., We need to make marijuana illegal because it gave 

my cousin psychosis). 
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Note that this is different from expressing one’s personal preferences. A description of 

preferences/ feelings must involve an explicit or implied attempt to encourage the reader to agree 

with the author or to change their stance, for instance by laying out reasoning for one’s position, 

to be considered a persuasion attempt. 

Does this passage include an attempt to persuade the reader? See (I) in Notes document for the 

definition of a persuasion attempt. 

0 - no attempt to persuade and no evidence/reasoning provided at all for a conclusion; no 

conclusion + no evidence 

1 - Persuasion attempt or the provision of a strong conclusion with no clear reasoning/evidence 

to back it up (often advice-giving); conclusion + no evidence 

2 - reasoning and evidence provided on its own, leaving it up to the reader to draw their own 

conclusions about that evidence; no conclusion + evidence 

3 - Persuasion attempt with reasoning/evidence to back it up or reasoning and evidence provided 

with a strong conclusion that ties it all together; conclusion + evidence 

Training Details 

Sentiment Pre-training. 

Each sentence in a comment received one sentiment score from TextBlob and one from 

Vader (Loria, 2018; Hutto & Gilbert, 2014). The scores were normalized to [-1,1], with negative 

values denoting negative emotional valence and positive values showing the opposite. A 

comment’s overall sentiment was represented by the average score across all of its sentences 

based on either package. The sentence-level and document-level scores can both be found in the 

SQL database accessible through my GitHub repository 

(https://github.com/BabakHemmatian/Marijuana_Legalization_Corpus_Study/). 

https://github.com/BabakHemmatian/Marijuana_Legalization_Corpus_Study/
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Pre-training was attempted with the two estimates as separate target labels, but also with 

their average as a single label per document to predict. Mean squared error of estimation served 

as the loss to minimize.  

Model Variants. 

The helpfulness of dummy-coded network features was tested with 500 one-hot 

parameters indicating the most common subreddits, 200 one-hot parameters for most prolific 

usernames and the contribution proportions of all 42 coherent topics from Chapter 2. All the 

additions were unhelpful.  

Subreddits were included based on the common finding that community-based 

parameters outperform text-based features in stance detection (AlDayel & Magdy, 2021). 

However, they may have been too coarse for the current dataset. Parameters for the top 500 

subreddits cover about 90% of the corpus, but the more ideological or debate-oriented 

communities (e.g., r/The_Donald and r/ChangeMyView) whose membership says more about 

attitude and persuasion attempts are less common in the dataset. Communities like r/politics 

which make up the bulk of discourse, on the other hand, are rather diverse. A similar lack of 

precision may be behind the topics’ limited utility. 

I included separate parameters for hundreds of prolific authors based on the common 

assumption that the same handles are more likely to show similar attitudes and persuasion focus 

across their posts (AlDayel & Magdy, 2021). However, the coverage of corpus may not have 

been enough: 200 usernames account for only 8% of all comments, and some of the most prolific 

users in the dataset are aggregator or moderator bots, whose comments would not have been 

conducive to either of the classification goals. 
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To ensure that roBERTa’s truncation of text does not affect performance, I also tested 

performance after centering each input text around parts that were relevant to marijuana’s 

legality according to the regular expression from Chapter 2. That no improvement ensued may 

be due to the fact that most training and test documents would not reach the truncation threshold 

(assuming 2-3 subwords on average per space-delimited token and considering a comment 

average of M=124 tokens with SD=119). Documents in the broader Reddit dataset have an even 

lower average length, further mitigating related concerns (M=98, SD=122 tokens).  

Grid Search Parameter Ranges. 

Grid search covered learning rates in the range [0.1,0.00001] with 0.1 increments, 

dropout of [0.1,0.5] in 0.1 increments, batch size from 10,50,100 and 200, and second 

feedforward layer sizes ranging from 26 to 29.  

Topic Correlations 

Attitude and Persuasion Attempts 

Table S.B.1 shows point biserial correlations between topic contributions and the inferred 

presence of attitude and persuasion attempts, respectively. Note that the values are relative, 

reflecting whether a topic more often coincides with argumentation rather than how often it does. 

Certain popular topics like Legality and common use may contain many more argumentative 

comments than a highly argumentative topic with much less contribution to discourse, despite its 

non-argumentative focus.  

I have only included inferred values below, because the much bigger sample size offers 

more reliable estimates than human-generated ratings can provide. Even pragmatically non-

important values would be statistically significantly different from zero in a corpus of millions of 

documents. I have therefore only included topics in the table that with correlations greater than .1 
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or smaller than -.1 for at least one dimension. Even for those topics, smaller values are deemed 

potentially spurious and not shown in the table.  

Cluster numbering as follows: 1) Legal definitions and procedures, 2) Policy and media, 

3) Quantitative, 4) Crimes and politics, 5) Types and effects, 6) Anecdotal experiences and 

attitudes, 7) Arguments about legalization, and 8) Enforcement, -) non-clustered. Note the heavy 

representation of Anecdotal experiences and attitudes as well as Crimes and politics. 

Topic Title Cluster Attitude Persuasion Attempt 

Political ideology 4 .11 .16 

Government vs. individual power and rights 4 .22 .26 

Private interests and Legalization 4 .16 .11 

Legality and organized crime 4 .13 .11 

Comparison with violent crimes 4 - .13 

Comparative risk 4 .19 .13 

Comparison with alcohol/tobacco 5 .17 .17 

Medicinal effects 5 .14 - 

House searches and seizure 6 -.10 -.12 

Emotional and life impact 6 .25 -.10 

Everyday encounters 6 - -.17 

Character judgment 6 .14 .25 

Expletives-laden discourse 6 .15 - 

Gun vs. marijuana enforcement 6 - - 

Police car searches 6 - -.12 

Reasons and arguments 7 - .12 

Legality and common use - - -.11 

Table S.B.1. Correlations between topic contribution and the inferred presence of positive attitude, as 

well as persuasion attempts. 
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Emotional Sentiment Measures 

Table S.B.2 shows Pearson’s r correlations between topic contribution and emotional 

sentiment in the entire corpus, with the latter factor further divided based on measurement 

method (see Training Details for a description of the calculations). Criteria and cluster 

numbering are similar to Table S.B.1. Note that while the ensemble takes an average of Vader 

and TextBlob estimations, the averaging happens at the level of sentences. As a result, ensemble 

scores may not correspond to the average of document-level scores for Vader and TextBlob. 

The fact that only a few topics show reliable correlation is yet another sign of the 

measures’ lack of validity, especially since many of the missing topics intuitively would have 

involved emotional language. Relatedly, the only topic that all of the measures agree on is 

Expletives-laden discourse, possibly showing the reliance of both neural (e.g., TextBlob) and 

non-neural (e.g., Vader) sentiment measures on vulgarity to determine valence. 

Topic Cluster 
Vader 

Correlation 

TextBlob 

Correlation 

Ensemble 

Correlation 

Comparison with violent crimes 4 -.16 - -.13 

Emotional and life impact 6 .11 - .11 

Expletives-laden discourse 6 -.11 -.11 -.13 

Prison terms for cannabis 8 -.12 - -0.10 

Table S.B.2. Correlation between topic contributions and various emotional sentiment measures. See text.  
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Appendix C: Topics and Topic Clustering 

Robustness of Clusters  

By subsampling the top 7225 terms for each topic (based on probability given that topic), 

a 47,448-dimensional space was formed (almost ½ the size of the vocabulary, 94,930 words). 

Using this space to perform hierarchical clustering resulted in the cluster within Figure S.C.1. 

The only difference compared with Figure 2.4 in Chapter 2 is that Social Disparities has joined 

Media Portrayal and Continuity of US policy in one cluster. To further ensure robustness, I 

repeated this step by subsampling 5,000 terms for each topic, resulting in a 30,990-dimensional 

space (almost ⅓ the vocabulary). Results were identical to Figure S.C.1.

 

Figure S.C.1. The results of clustering when only half of the vocabulary tokens with higher probabilities 

under any topic are included in the word probability space representation. The results are almost 

identical to Figure 2.4 in Chapter 2.  

 

Clusters, Topic Names, and their Most Representative Words 

The number in parentheses after each topic name is its generality score based on the PCA 

method described in Chapter 3. For each cluster title, the number represents the same score 

average across its constituent themes. Numbers greater than zero represent anecdotal, while 
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numbers smaller than zero represent generalized. Since the measure is normalized, each number 

is in units of standard deviation in theme PCA scores. 

Cluster 1: Legal Definitions and Procedures (0.86) 

Workplace law/policy (.68) 

work, job, fire, employee, employer, worker, employment, video, website, boss, porn, 

image, ag, Japan, privacy, workplace, ah, protect, contract, coworker, hilarious, policy, wear, 

employ, Sweden, favorite, context, Singapore, screen, France, discrimination, protection, shirt, 

Spain, snake, trading, Japanese, wiki, shame, chunk 

FDA schedules (-0.33) 

control, substance, schedule, FDA, b, class, list, c, e, synthetic, act, abuse, narcotic, illicit, 

approve, classify, spectrum, poison, accept, potential, f, category, pricing, remove, isolate, ii, 

prohibit, dangerous, g, capsule, definition, discipline, culprit, beverage, constructive, Iowa, DEA, 

unlicensed, substitute, regulate 

Legal procedures (1.37) 

report, evidence, case, information, player, record, require, process, lawyer, claim, hire, 

investigation, trial, release, include, show, interview, sample, suspect, involve, document, 

provide, offer, defense, file, suspend, tbh, investigate, security, visual, result, ensure, take, 

witness, prove, give, therapist, present, admit, guide 

Drug tests (1.15) 

test, article, positive, read, fail, google, show, result, blood, pass, link, field, system, 

week, random, urine, headline, take, claim, mention, false, policy, prove, proof, require, edit, 

last, work, op, curious, impaired, correct, determine, quote, text, piss, month, author, info 
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Local regulations (1.19) 

bill, new, license, city, allow, pass, county, act, include, legislation, department, sale, 

recreational, regulation, public, dispensary, permit, approve, Illinois, DEA, program, York, 

section, official, session, general, retail, California, local, house, agency, district, require, issue, 

committee, dc, provide, attorney, dr, federal 

Federal legal processes (1.09) 

court, case, rule, judge, violate, sub, supreme, appeal, lmao, mod, prosecutor, warren, NJ, 

intent, lawyer, v, commerce, distribute, prosecute, interstate, bail, decision, violation, challenge, 

Vegas, defendant, unconstitutional, unlawful, jury, jurisdiction, prosecution, date, discretion, 

clause, ruling, hold, dismiss, authority, activity, citation 

Cluster 2: Policy and Media (1.84) 

Media portrayal (1.70) 

news, medium, name, lie, public, group, campaign, know, hippie, night, fake, associate, 

meeting, criminalize, propaganda, john, course, break, reefer, understand, call, racist, story, 

madness, spread, conspiracy, push, former, disrupt, Facebook, home, enemy, surprise, raid, start, 

movement, crowd, word, Ehrlichman, activist 

Continuity of US policy (1.98) 

president, death, Biden, Obama, military, executive, administration, penalty, Mr, 

congress, foreign, office, Russia, strike, attack, TSA, bush, FBI, policy, Clinton, pardon, Muslim, 

branch, American, campaign, terrorist, act, international, Tulsi, sanction, Afghanistan, domestic, 

presidential, secret, investigation, promise, sign, execute, Iraq, un 
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Cluster 3: Quantitative (1.47) 

Age and familial relations (2.04) 

kid, child, school, old, parent, family, woman, sex, young, mom, adult, mother, dad, girl, 

son, student, brother, father, baby, teacher, life, daughter, rape, wife, husband, home, abuse, 

sexual, relationship, teenager, tell, sister, teen, man, care, boy, college, die, teach, pregnant 

Personal finance (0.90) 

pay, Canada, Canadian, cost, minimum, cash, service, taxis, BC, province, Ontario, wage, 

housing, fee, raise, money, debt, rent, mandatory, thousand, credit, g, dollar, landlord, financial, 

property, free, sector, insurance, Ohio, income, month, retail, work, labor, hundred, licence, 

lease, infrastructure, city 

Cluster 4: Crimes and Politics (-1.03) 

Political ideology (-1.96) 

trump, conservative, gay, abortion, leave, marriage, liberal, libertarian, Bernie, 

republican, party, support, voter, right, social, dem, believe, most, democratic, church, religious, 

climate, etc, political, progressive, immigration, democrat, politic, free, hate, policy, GOP, 

woman, religion, healthcare, call, platform, immigrant, view, supporter 

Government versus individual power and rights (-1.76) 

society, people, system, power, freedom, human, right, government, force, free, 

individual, citizen, protect, public, allow, many, create, life, need, majority, way, American, 

moral, example, world, take, exist, become, social, most, other, fight, action, give, political, 

issue, personal, harm, community, control 
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Private interests & legalization (-0.08) 

money, company, tax, industry, big, fund, private, work, need, profit, spend, healthcare, 

keep, business, cut, dollar, economy, taxis, system, education, rich, corporation, lobby, invest, 

bank, help, care, corporate, health, benefit, increase, plan, job, new, interest, budget, take, run, 

much, lose 

Legality and organized crime (-0.40) 

drug, war, border, dealer, problem, cartel, gang, money, end, Mexico, stop, hard, trade, 

prohibition, deal, Mexican, sell, cross, criminal, solve, come, most, leader, create, way, take, 

many, policy, violence, smuggle, lot, America, start, help, bring, much, profit, big, need, keep 

Comparison with violent crimes (-0.76) 

crime, criminal, commit, violent, murder, justice, victim, people, system, offense, 

misdemeanor, minor, nonviolent, rate, violence, record, offender, relate, prisoner, incarceration, 

expunge, release, rape, offence, number, non, incarcerate, low, most, theft, conviction, many, 

convict, reduce, serious, police, punishment, ecigarette, petty, imprison 

Comparative risk (-1.20) 

drug, heroin, addict, addiction, meth, cocaine, opioid, user, addictive, LSD, hard, take, 

psychedelic, opiate, use, mushroom, gateway, coke, crack, most, kratom, abuse, pill, idk, 

problem, etc, shroom, overdose, safe, bad, MDMA, substance, life, many, dose, dangerous, 

fentanyl, withdrawal, rehab, terpene 

Cluster 5: Types and effects (-1.10) 

Comparison with alcohol/tobacco (-2.27) 

alcohol, drink, prohibition, effect, beer, harmful, dangerous, consume, age, brain, harm, 

much, substance, adult, safe, bad, cigarette, cause, negative, consumption, booze, kill, death, 



220 

regulate, teen, drinking, underage, many, damage, wine, die, body, harmless, coffee, society, 

problem, way, compare, most, usage 

Medicinal effects (-0.91) 

medical, pain, doctor, help, patient, use, card, medicine, need, medication, prescription, 

medicinal, prescribe, treatment, recreational, health, condition, treat, benefit, anxiety, illness, 

cancer, take, mental, chronic, issue, cure, symptom, depression, many, relief, hospital, give, 

access, disease, allow, CDC, purpose, side, work 

Scientific research (-0.72) 

cannabis, study, research, use, increase, show, effect, health, legalisation, datum, user, 

risk, evidence, science, result, link, scientific, number, suggest, lead, report, source, legalise, 

mental, reduce, psychosis, likely, rate, due, significant, decrease, recent, see, many, usage, 

develop, base, term, most, look 

Use methods (-0.92) 

smoke, cigarette, nicotine, cartridge, tobacco, risk, lung, health, flavor, smoking, joint, 

public, mg, term, smoker, pen, Juul, effect, regular, e, cancer, issue, water, inhale, healthy, 

problem, heavy, unregulated, most, cig, pack, edible, much, consume, sugar, ban, way, safe, 

bong, burn 

Hemp (-0.22) 

grow, hemp, plant, farm, seed, grower, produce, farmer, production, crop, industrial, 

home, industry, paper, harvest, land, plastic, cultivation, pesticide, commercial, allow, canopy, 

dry, THCa, indoor, operation, personal, field, cultivate, material, Kentucky, ford, export, many, 

part, need, agriculture, organic, large, permit 
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Cannabis types (-1.55) 

THC, CBD, oil, product, flower, strain, edible, contain, effect, cannabinoid, concentrate, 

lab, chemical, low, bud, different, pharma, dose, extract, brand, amount, content, pesticide, level, 

most, body, full, sativa, indica, regulate, ingredient, compound, look, seizure, natural, label, 

hash, quality, derive, psychoactive 

Cluster 6: Anecdotal Experiences and Attitudes (1.30) 

House search & seizure (3.05) 

police, cop, call, officer, bust, house, someone, catch, apartment, ticket, tell, guy, city, 

bag, see, town, neighbor, take, home, local, give, rec, happen, park, street, small, door, sell, 

station, raid, report, show, come, deal, lot, area, steal, kid, department, let 

Emotional and life impact (0.58) 

vape, feel, good, try, take, work, help, much, lot, life, start, bad, way, experience, few, 

time, day, get, something, see, thing, friend, keep, need, hard, month, most, week, great, stuff, 

little, give, quit, last, sleep, come, love, become, anything, stop 

Everyday encounters (4.73) 

friend, tell, come, go, house, take, see, guy, leave, start, walk, home, next, night, day, 

call, week, few, room, turn, look, hour, door, sit, run, try, end, minute, month, last, story, couple, 

move, hit, party, let, talk, break, head, mom 

Character judgment (-1.52) 

point, see, say, way, someone, something, seem, try, issue, fact, talk, mean, good, person, 

understand, question, take, need, many, come, believe, wrong, bad, anything, much, problem, 

different, opinion, reason, answer, look, argument, give, agree, sure, tell, case, most, lot, idea 
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Expletives-laden discourse (0.19) 

fuck, shit, get, guy, go, give, bad, stupid, bullshit, oh, let, ass, everyone, dude, yeah, try, 

hate, good, look, talk, lol, damn, need, stop, people, see, shitty, real, hell, nothing, tell, happen, 

keep, love, take, idiot, die, asshole, life, suck 

Gun versus marijuana enforcement (-0.41) 

gun, firearm, kill, ban, shoot, game, carry, weapon, owner, own, play, check, mass, dab, 

felon, control, background, purchase, violence, video, ownership, homeless, person, murder, 

death, rifle, assault, arm, conceal, Chicago, shot, permit, sport, someone, suicide, need, mental, 

armed, take, defend 

Police car searches (2.45) 

smell, search, car, pull, dog, vehicle, find, stop, look, officer, probable, bag, warrant, ask, 

yang, give, light, see, anything, open, container, cause, area, train, something, window, reason, 

park, hide, need, hotel, way, question, detain, traffic, jar, suspicion, walk, kush, sure 

Cluster 7: Arguments about Legalization (-1.89) 

Reasons and arguments (-3.04) 

illegal, make, reason, legal, think, marijuana, mean, something, sense, argument, point, 

thing, agree, bad, keep, place, sure, good, yes, fact, way, believe, say, understand, most, many, 

wrong, legality, consider, try, lot, allow, argue, anything, see, become, matter, logic, happen, 

remain 

Parties and electoral politics (-0.75) 

legalization, vote, support, issue, party, republican, election, democrat, pro, candidate, 

decriminalization, policy, win, see, politician, reform, majority, marijuana, pass, bill, favor, 
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oppose, conservative, voting, most, liberal, come, political, big, step, progressive, stance, full, 

happen, legislation, senate, lot, fight, much, boomer 

Cluster 8: Enforcement (0.33) 

Prison terms for cannabis (1.43) 

jail, charge, get, possession, prison, catch, sentence, arrest, felony, amount, fine, time, 

record, someone, probation, life, offense, sell, conviction, punishment, small, throw, serve, 

person, convict, put, system, guilty, possess, send, lock, lawyer, deal, guy, give, carry, criminal, 

deserve, penalty, county 

DUI effects & enforcement (-0.77) 

drive, high, drunk, driver, limit, someone, influence, road, stone, dui, accident, speed, 

impair, way, risk, person, impairment, level, blood, THC, tolerance, hour, sober, crash, safety, 

affect, system, need, license, fine, traffic, sobriety, take, ability, mean, problem, safe, zero, 

intoxication, amount 

Non-clustered (-0.55) 

Quantities and limits (1.92) 

year, gram, month, last, ounce, total, oz, half, pound, number, estimate, worth, dollar, l, 

least, past, spend, count, aurora, amount, x, value, few, dan, next, cost, new, range, exemption, 

mile, math, organisation, triple, include, size, drop, lbs, annual, reduce, shelf 

Social disparities (-0.75) 

black, white, community, rate, American, likely, minority, percent, race, Nixon, poor, 

racism, target, people, color, population, man, China, p, racial, Chinese, craft, Indiana, group, 

WA, African, average, Idaho, de, native, arrest, skin, Asian, poverty, iirc, male, statistic, similar, 

area, class 
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State vs. federal legalization (-1.35) 

state, federal, level, government, pass, amendment, fed, allow, constitution, united, local, 

right, sander, bot, decide, power, line, issue, constitutional, take, mean, way, trump, matter, 

legislature, congress, governor, example, regulate, give, happen, Alberta, referendum, let, 

prohibit, leave, different, come, il, try 

State-level timeline (0.31) 

legalize, marijuana, decriminalize, recreational, Colorado, California, legalized, move, 

Washington, see, Denver, become, happen, wait, hope, live, India, legal, centrist, great, next, 

last, start, new, Massachusetts, ganja, visit, place, wonder, Cali, mountain, north, Massachusetts, 

Carolina, prostitution, come, least, south, spring, ha 

Geopolitics of legalization (-1.54) 

country, world, America, UK, legalise, USA, most, Europe, bro, west, city, south, 

Australia, American, Germany, culture, coast, rest, Netherlands, many, east, place, western, part, 

area, European, north, compare, electoral, pm, nation, yup, region, weird, flood, much, different, 

large, bootleg 

Laws & observance (-1.26) 

law, break, enforce, enforcement, change, follow, strict, apply, choose, allow, grey, 

unjust, punish, ignore, regard, example, agree, abide, need, mean, citizen, write, Vancouver, 

place, applicant, consequence, matter, immigration, decide, book, exist, work, current, way, 

morality, stupid, visa, wrong, system, someone 
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Legality and common use (-1.04) 

weed, legal, smoke, lol, get, live, yeah, much, lot, good, place, sure, stuff, most, super, 

care, everyone, cool, mean, come, become, try, least, see, guess, easy, stoner, nice, way, love, 

shop, dude, guy, dumb, bud, haha, tourist, Amsterdam, smoked, look 

Economic forces (-0.90) 

market, sell, buy, price, store, dispensary, sale, shop, cheap, quality, purchase, tax, 

legalization, regulation, much, supply, revenue, good, see, dealer, expensive, license, way, cost, 

business, stock, company, open, regulate, lot, consumer, money, product, industry, small, 

demand, able, most, pay, buying 

Stereotypes and life outcomes (-0.37) 

pot, smoker, life, ruin, smoking, people, stoner, pothead, head, lazy, brownie, counterfeit, 

dumb, smoked, career, care, bad, many, cunt, loser, everyone, someone, kettle, legal, stop, 

become, rapper, busy, awful, most, lot, docs, hate, see, nothing, dipshit, stupid, big, put, retarded 

Inter-Topic Correlation in Top Clusters 

Tables S.C.1 and S.C.2 show inter-topic contribution correlations for the top three common 

clusters. Values represent how often various themes are used alongside one another within the same 

documents. Table S.C.1 demonstrates patterns in pro-legalization persuasion attempts, while Table S.C.2 

shows patterns in the remainder of the corpus. Ongoing database management may result in slightly 

different final values.  

Note that despite moderate inter-cluster correlation, the groupings are generally independent, 

reflected in lower correlations away from cluster-specific “boxes” around the diagonal. This is 

particularly visible for all clusters in pro-legalization persuasion attempts, but also among a core group 

of anecdotal topics in the remainder of the corpus. The most striking deviation from this pattern 

is observed between Character judgments and Government vs. individual power/rights, the
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Table S.C.1. Heatmap of inter-topic per-document contribution correlation across the top three clusters for pro-legalization persuasion attempts. 

 

correlation between which is the highest among all topic pairs in the argumentative subset, and the highest cross-clusters value in the 

remaining documents. 
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Table S.C.2. Heatmap of inter-topic per-document contribution correlation across the top three clusters in the corpus excluding pro-legalization 

persuasion attempts. 
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Appendix D - News+Reddit Corpus  

Document Sampling Details 

Human. Since all four news sources include shortened headlines in their URLs, regular 

expressions from Chapter 2 applied to web addresses in Common Crawl succeeded in sampling 

mostly relevant content. Every document was however manually checked for being on-topic. The 

annotated human sample is smaller than the set of documents initially extracted. Some samples 

were dropped due to segmentation errors, incoherent content, and other issues. The same is true 

of Reddit comments. 

Grover. Grover produced the artificial text after receiving full documents from the human 

section of the corpus as input, something the algorithm is explicitly trained to do.  

GPT-3. Twenty-four GPT-3 generations are paired with annotated human prompt 

articles, with the remainder produced in response to completely novel human prompts. The first 

few sentences of human texts were used as input, with the model continuing the text to 

completion as it is trained to do. I ensured the prompts were ~50 words in length (no more than 

100), mentioned marijuana legalization and the generations were at least as long as the prompt to 

provide enough novel material for the annotators. The only manipulation of model output was to 

ensure proper punctuation and complete final sentences. If the token needed to complete the 

sentence was not immediately obvious, I simply removed it.  

Document-Level Annotations 

Anecdote and Argument Quality Based on Generation Source 

To see if the AI-generated documents maintain the discourse modes of their prompts, 168 

human-Grover pairs were compared. Among prompts with anecdotal narratives, only 57% saw 

their frame matched by the Grover document generated in response. The percentage was better   
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for argumentative documents at 69%. Twenty-four human-GPT-3 pairs showed much better 

agreement in style, with 75% of anecdotal narratives and 88% of arguments completed with 

artificial text matching in discourse mode.  

 

 
Figure S.D.1. Top panel shows the average anecdotal narrative (N) and argument (A) quality ratings for 

human- versus Grover-generated (Zellers et al., 2019) documents in the News+Reddit corpus. The bottom 

panel compares GPT-3-generated (Brown et al., 2020) documents with human-written ones instead. 

Coverage (N) is reverse-coded. See text for more details. 
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Perhaps partly due to the same imperfect understanding of discourse modes, artificial 

document quality was substantially lower than human-generated documents. Grover documents 

Average document quality ratings in the News+Reddit corpus can be seen in Figure S.D.1. The 

first four dimensions of the top panel, focused on anecdotal narrative quality, are based on the 

subset of News+Reddit human- and Grover-generated (Zellers et al., 2019) documents that 

contained at least some anecdotal content. Documents including at least some argumentative 

content are used in calculating the average quality ratings for the last two dimensions marked 

with (A). The bottom panel compares the same number of human-written texts with 

anecdotal/argumentative GPT-3-generated texts (Brown et al., 2020). The larger 95% confidence 

intervals for the latter are due to fewer GPT-3-produced documents in the corpus.  

The anecdotal narrative and argument quality items (adapted from Yale, 2013, and 

Wachsmuth et al., 2017) are as follows (detailed definitions can be found in Additional 

Annotation Instructions here): 

Plausibility (N): I believe this story could be true (0 if no anecdotal narrative, 1: Completely 

disagree, 3: Neither agree nor disagree, 5: Completely agree) 

Completeness (N): It was easy to follow this story from beginning to end  

Consistency (N): The information presented in this story was consistent with itself and with other 

things I know to be true or false  

Coverage (N): There was important information missing from this story (reverse-scored) 

Cogency (A): This argument is cogent (related to logical validity and relevance of elements; 0 if 

no argumentation, 1: not at all, 3: moderately, 5: completely) 

Effectiveness (A): This argument is effective (same scale as Cogency (A)) 

https://drive.google.com/drive/u/0/folders/13gOFgg6cp8tQSXezj-cwML6iNn3SzU99
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Discourse Types Based on Generation and Sampling Source 

Table S.D.1 shows the frequency of documents in the News+Reddit corpus with either 

anecdotal or argumentative content as well as both or neither, divided based on human or AI 

source, and whether the prompt was taken from news or Reddit. Discourse modes were defined 

after Smith (2003, 2013) and Finlayson (2020), and are analogous to the frames discussed in text.  

Many documents contain both anecdotal narratives and arguments. News articles are 

much more likely to contain at least some anecdotal content, while Reddit comments are more 

likely to include just arguments. This is because I sampled much of the Reddit subset from 

debate and argumentation forums. The relatively high number of news articles marked as neither 

anecdotal nor argumentative is because a strict definition of anecdotal narratives was used in 

annotation which required a broader point to a story rather than a mere retelling of facts.  

Some differences between human and AI frequencies exist, presumably because the 

majority of documents are generated by Grover whose training regimen favored news content 

(Zellers et al., 2019). However, the qualitative patterns across generation sources look similar. 
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Frame 

(Discourse Mode) ↓ 

Formality →  Generation 

Source ↓ 
News Reddit 

Just anecdotal narrative 

Human 43 2 

AI 55 12 

Total 98 14 

Just argument 

Human 33 50 

AI 35 54 

Total 68 104 

Both anecdotal 

narrative and argument 

Human 59 19 

AI 71 30 

Total 130 49 

Neither anecdotal 

narrative nor argument 

Human 29 3 

AI 49 13 

Total 78 16 

Table S.D.1. The frequencies of documents representing particular frames (Column 1), generated by 

humans or AI (Column 2), and sampled from news (Column 3) or Reddit sources (Column 4). See text. 

 

Further Document-level Ratings 

As part of annotations, raters were asked to mark the relevance of each document to 

marijuana legalization. While all human-written documents were screened for relevance, the 

artificial texts sometimes deviated from their prompts in focus. This happened in 18% of cases. 

Since my focus is on clause-level features that depend less on topic and the vast majority of 

documents remain relevant, I have ignored the relevance ratings in my analysis. Headline, style, 

and attitude consistency were similarly used for quality control of computer-generated content. 

Many of the measures still await analysis. 

For amount of anecdotal content in a text, annotators were asked to consult the 

definitions of anecdote discussed at the beginning of Chapter 4 (Finlayson, 2020; Smith, 2003, 

2013; Rahimtoroghi, 2018). A rating of zero meant no anecdotal content at all, one marked very 
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little anecdotal text, three suggested that anecdotes comprise half of the document, and five 

meant that the text is entirely anecdotal.  

I marked partisanship as an additional detail according to Zimdars’ (2016) classification 

scheme. The goal was to evaluate the corpus’ coverage of the entirety of legalization discourse. 

Thirty percent of news-related documents were marked as likely unreliable in one way or 

another.  

Clause Types 

Breakdown based on Linguistic Features 

Table S.D.2 shows the breakdown of News+Reddit clause types based on fundamental 

semantic properties of the main referent (genericity) and the verb constellation (eventivity, 

habituality and boundedness). This table has been modified from Smith (2003) to distinguish 

coerced from basic states, include boundedness in events, and ensure that all information about 

the main referent, eventivity, and habituality can be recovered from the category name for any 

particular segment. For boundedness, undefined was grouped in analyses with unbounded. Note 

that many clause labels refer to eventive and stative by their alternative names also common in 

linguistics, dynamic and static respectively. See Chapter 4 for a detailed discussion of how the 

labels were decided upon. See the Additional Annotation Instructions document within the 

corpus (here) for examples and detailed definitions.  

  

https://drive.google.com/drive/u/0/folders/13gOFgg6cp8tQSXezj-cwML6iNn3SzU99
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Clause label main referent 

genericity  

Eventivity overall 

habituality 

Boundedness 

Bounded Event (Specific) specific eventive episodic bounded 

Bounded Event (Generic) generic eventive episodic bounded 

Unbounded Event (Specific) specific eventive episodic unbounded 

Unbounded Event (Generic) generic eventive episodic unbounded 

Basic State  specific stative static undefined 

Coerced State (Specific) specific eventive static undefined 

Coerced State (Generic) generic eventive static undefined 

Perfect Coerced State (Specific) specific eventive episodic, 

static 

undefined 

Perfect Coerced State (Generic) generic eventive episodic, 

static 

undefined 

Generic Sentence (Dynamic) generic eventive habitual unbounded 

Generic Sentence (Static) generic stative static undefined 

Generic Sentence (Habitual) generic stative habitual undefined 

Generalizing Sentence (Dynamic) specific eventive habitual unbounded 

Generalizing Sentence (Stative) specific stative habitual undefined 

Table S.D.2. Clause type breakdown based on underlying main referent (Column 2) and verb 

constellation (Columns 3-5) properties. Highlighted properties are those that were left ambiguous in the 

framework proposed by Friedrich (2017). 

 

Frequency of Clause Types Across Document Classes 

Table S.D.3 shows the frequencies of clause type labels (rows) in the News+Reddit 

corpus across various frames (discourse modes; column blocks) and document-generation 

sources (columns). The exact counts in the final corpus found online may be slightly different as 

the articles get finalized. Friedrich (2017) provides the basis for the clause types. Extensions to 

the original framework are the additional terms added in parentheses for clarity, separation of 

Bounded and Unbounded events and the distinctions between Coerced and Basic states. I have 
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excluded “question”, “imperative”, and “other” classes in the table below because they are less 

informative regarding Smith’s (2003) typology and the generalized-anecdotal distinction. 

“Unbounded event (generic)” and “Generalizing sentence (stative)” are also excluded as 

exceedingly rare.  

Many of the differences between anecdotal narratives and arguments in Smith’s (2003) 

book are confirmed by the frequencies below. For instance, documents comprised only of 

anecdotal narratives include many more basic states and bounded events than coerced or 

unbounded variants of the same clause classes as well as generic or generalizing sentences. The 

pattern is reversed in documents that contain arguments.  

Document Type → Just anecdotal narrative Just argument 

Source Type → 

 

Clause type ↓ 

Human  

45 docs 

Grover 

55 docs 

GPT-3          

11 docs 

Total 

111 docs 

Human 

82 docs 

Grover   

48 docs 

GPT-3   

37 docs 

Total 

167 docs 

Bounded Event (Specific) 632 681 100 1413 249 207 65 521 

Bounded Event (Generic) 59 53 24 136 82 30 48 160 

Unbounded Event 

(Specific) 
171 216 17 404 210 109 37 356 

Basic State 548 659 96 1303 637 508 263 1408 

Coerced State (Specific) 130 176 16 322 141 121 76 338 

Coerced State (Generic) 112 157 16 285 380 367 172 919 

Perfect Coerced State 

(Specific) 
92 105 14 211 50 46 19 115 

Perfect Coerced State 

(Generic) 
39 67 11 117 62 62 28 152 

Generic Sentence 

(Habitual) 
10 15 0 25 58 53 10 121 

Generic Sentence (Static) 323 424 70 817 861 758 358 1977 

Generic Sentence 

(Dynamic) 
87 88 26 201 336 228 119 683 

Generalizing Sentence 

(Dynamic) 
40 34 7 81 59 61 20 140 

(Continued on the next page) 
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Document Type → 
Both anecdotal narrative 

and argument 

Neither anecdotal narrative 

nor argument 

Source Type → 

 

Clause type ↓ 

Human 

33 docs 

Grover 

23 docs 

GPT-3 

12 docs 

Total 

65 docs 

Human 

32 docs 

Grover 

54 docs 

GPT-3 

8 docs 

Total 

94 docs 

Bounded Event (Specific) 328 149 51 528 236 425 13 674 

Bounded Event (Generic) 24 18 5 47 46 54 6 106 

Unbounded Event (Specific) 127 93 11 231 115 212 6 333 

Basic State 498 279 108 885 207 523 35 765 

Coerced State (Specific) 104 90 37 231 58 158 22 238 

Coerced State (Generic) 153 104 51 308 89 198 20 307 

Perfect Coerced State 

(Specific) 63 26 13 102 21 72 6 99 

Perfect Coerced State 

(Generic) 20 23 7 50 35 57 7 99 

Generic Sentence (Habitual) 27 31 1 59 27 50 0 77 

Generic Sentence (Static) 431 281 91 803 311 510 64 885 

Generic Sentence (Dynamic) 180 80 22 282 91 166 6 263 

Generalizing Sentence 

(Dynamic) 83 54 13 150 22 44 0 66 

Table S.D.3. Frequencies of clause type labels (Column 1) in the News+Reddit corpus across frame 

classes (Column blocks) for different document generation sources (Columns 2 to 9). 

 

Coherence Relations 

Table S.D.4 (from Wolf and Gibson, 2005) shows the linguistic indicators which often 

accompany most individually meaningful relation types and provide an intuitive understanding 

of their usage. Detailed definitions and examples for all labels can be found in Additional 

Annotation Instructions here.   

To provide adequate coverage of the corpus content, several labels were added to this list 

for a total of 14 marked relations. For instance, new labels for “repetition” and “degenerate” 

relations identified types of incoherent semantic structure that are rare in human-written content 

https://drive.google.com/drive/u/0/folders/13gOFgg6cp8tQSXezj-cwML6iNn3SzU99
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and were thus excluded from previous corpora but appear more often in computer-generated text. 

Incoherent versions of the Wolf and Gibson’s (2005) relations were also separately marked for 

the same reason.  

Cause-effect because; and so 

Violated expectation although; but; while 

Condition if... (then); as long as; while 

Similarity and; (and) similarly 

Contrast by contrast; but 

Temporal sequence (and) then; first, second, …; before; after; while 

Attribution according to …; … said; claim that …; maintain that …; stated that ... 

Example for example; for instance 

Elaboration also; furthermore; in addition; note (furthermore) that; (for, in, on, 

against, with, …) which; who; (for, in, on, against, with, …) whom 

Generalization In general 

Table S.D.4.  Individually meaningful coordinating conjunctions adopted from Wolf and Gibson (2005) to 

demonstrate the focus of various coherence relations. 

 

Using an ordered numbering of clauses in each document, annotators marked for each 

relation the interval that served as its “beginning” and the separate interval that identified its 

“end”. For symmetric relations, the beginning and end are interchangeable, but for directed 

relations like cause and effect the ordering has significance. When the span was unclear, 

annotators marked the interval using question marks. Confidence in the designated relation type 

rating was included in the same format used for clause types. 

To calculate interrater agreement, cases where both the start and end spans were exactly 

matched, and the relation type was also the same were considered the same. Mismatched spans 

and differing labels were marked as disagreement. Thus defined, the agreement scores ranged 

[.40,.44] across annotator pairs. Across all pairs, AI-produced documents garnered lower 

agreement ratings than human-generated text presumably due to their greater incoherence. 
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Krippendorff (2004) considers values higher than .67 as good. Two common types of 

disagreement were in the span of the same relation label, and the use of “elaboration” as a more 

encompassing type where a more detailed label was marked by one of the annotators. If span 

overlap is considered agreement and overlapping spans between elaboration and other relations 

are marked as missing labels (which Krippendorff’s measure can consider), the average 

agreement increases to ~.5.  
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Appendix E – Automated Generalized vs. Anecdotal Classification 

Clause Segmentation 

Punctuation sometimes simplifies the task of finding clause boundaries, but a full-fledged 

model attuned to linguistic theory is needed to determine clause boundaries in all cases: For 

instance, clauses embedded within other clauses often complicate delineation and necessitate 

some degree of attention to both syntax and semantics (Joty et al., 2015). Furthermore, social 

media data is rarely perfect in punctuation, requiring careful attention to content. If the clause 

boundaries are not properly determined, the assigned linguistic labels would in turn become 

inaccurate, undermining the dissertation’s goal. Manual segmentation based on linguistic 

principles is time-consuming and introduces agreement complications (e.g., see Wolf & Gibson, 

2005). Such difficulties can be accepted in the small News+Reddit corpus of 442 documents, but 

a more scalable method is needed for the more than 3M comments in the broader Reddit corpus.  

News+Reddit Corpus. 

I used the discourse segmenter sub-system from CODRA (Joty et al., 2015) to 

automatically delineate clauses in the News+Reddit corpus. CODRA is a probabilistic 

framework based on Rhetorical Structure Theory (Taboada & Mann, 2006) which combines 

various syntactic and semantic models (e.g., the part-of-speech parser by Charniak & Johnson, 

2005) to determine Elementary Discourse Unit boundaries. The model is slow as a result of its 

complexity, but its sophistication has the benefit of almost-human performance. Joty et al. (2015) 

report 96.5 and 98.3 percent agreements with the gold standards of two major discourse corpora 

when determining clause span. This is significantly better than SPADE, the most commonly used 

alternative (Soricut & Mandu, 2003).  
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The model’s segmentations were examined in every one of the 442 documents by a 

trained annotator to evaluate quality for use in the larger Reddit corpus. Issues were found in 

about 5% of clauses, similar to the performance reported by Joty and colleagues (2015). These 

cases often involved over-segmentation of semantically unitary clauses, sometimes due to 

inaccurate punctuation and syntax or ambiguities within a sentence (see Becker et al., 2017b, for 

a similar observation about SPADE). The mistakes within the News+Reddit corpus were 

manually fixed prior to annotation. I will discuss the steps taken to ensure segmentation accuracy 

in the larger Reddit corpus later in this Chapter. 

Reddit Marijuana Legalization Corpus. 

CODRA is slow because of its complexity and lack of optimization. Therefore, heavy 

parallelization via cluster computing was employed to finish the segmentation of all ~3M 

documents within a reasonable time frame. See the GitHub repository for resources developed to 

this end (https://github.com/BabakHemmatian/Marijuana_Legalization_Corpus_Study/).  

Another source of complexity was the parser’s failure in segmenting about 3% of 

documents. I noticed through error analysis that punctuation issues make such failures much 

more likely. Simple fixes based on regular expressions like removing links and improving 

punctuation significantly reduced the failure rate. Manual intervention to solve the issues in all of 

the remaining cases was not feasible due to the size of the corpus. As such, 1.62% of documents 

(about 40,000) are excluded from clause-level analysis. However, I made adjustments to ensure 

that the failures are almost uniformly distributed across time points and among the top fifteen 

subreddits, minimizing the risk of segmentation failures affecting the overall discourse patterns. 

This involved, for instance, removing bot-generated posts from the r/politic subreddit that had 

unusual formatting but little relevant content, as well as reformatting posts from r/conspiro based 

https://github.com/BabakHemmatian/Marijuana_Legalization_Corpus_Study/
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on the subreddit’s guidelines. Figure S.E.1 shows the segmentation success rate across subreddits 

and months within the corpus. 

 

Figure S.E.1. The proportion of comments successfully segmented with CODRA (Joty et al., 2015) across 

timepoints and among the top 15 subreddits in the Reddit corpus. While some discrepancies exist, the 

range of differences is about 2%, meaning the distributions will not affect overall results.  

 

A further issue with CODRA’s automated segmentation is its propensity to over-segment 

in about 5% of cases, indicated in the development of the News+Reddit corpus (similar to other 

attempts with SPADE; Becker et al., 2017b). Such errors have been corrected prior to 

annotations in the News+Reddit training data and my clause-level neural networks do not 

contain “unknown” output labels. As a result, the “stub” clauses would be erroneously assigned 

meaningful labels, albeit presumably with low confidence. For instance, generic, eventive and 

bounded labels may have the highest probability for a standalone “then”, which should not be 

labeled at all.  

The rate of such errors is low. My use of softmax predictions in downstream analyses can 

further mitigate resulting inaccuracies, since the stub clauses are not observed in the training set, 

and they are therefore most likely marked by high model uncertainty. The use of relative rather 

than absolute comparisons between the meaningful labels means that the highly uncertain 

softmax values will not affect overall rates. 
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The same is true of genericity and eventivity clauses marked as instances of the “neither” 

category, covering thousands of News+Reddit clauses not used in training. While the model 

would by necessity mis-label such entries, certainty would be low for them and the softmax 

approach would not weigh them strongly in aggregate results. Note that for boundedness, any 

instance not marked as bounded can be considered unbounded, sidestepping a similar issue. This 

is because boundedness is already undefined for stative clauses which for the purposes of this 

dissertation are the same as unbounded utterances, providing a convenient category that can 

contain stubs too. 

SitEnt Pre-training Details 

Transfer of linguistic feature representation from SitEnt to News+Reddit was first tested 

with less than a third of the News+Reddit corpus (8,092 clauses) which was finalized at the time. 

The results were promising. Training and testing on SitEnt resulted in symmetric F1 scores of 

.87 and .89 for genericity and eventivity, training on SitEnt but testing on News+Reddit resulting 

in acceptable F1 scores of .72 and .78. Note that about 20% of SitEnt labels reflect annotator 

uncertainty (“Don’t know”) and any such response would be deemed wrong in the News+Reddit 

corpus, making some drop in performance unavoidable.  

Once SitEnt pre-training was incorporated into the final pipelines, it was noted that 

including clauses with the “Don’t Know” label in training and adding a corresponding output 

class significantly improves model performance. As such, pre-training was performed with three 

labels, with News+Reddit fine-tuning transitioning the model to a more informative binary 

classification scheme.  
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Grid Search Ranges 

For the two GRU layers in each of the three clause-level networks, I searched among 

[100,300,500,600] and settled on 500 and 300 units respectively. From dropouts in the 

[0.1,0.2,0.4,0.6] set, .2 worked best across the tasks. Only boundedness benefitted from training 

for more than one epoch, presumably because of lack of pre-training, with evaluation set error 

finishing training after three. The best batch sizes, searched for in the [24,27] range, differed 

among the features (24, 25 and 26 for genericity, eventivity, and boundedness respectively). 

Context-aware Variants 

Dai and Huang (2019) reported a strong impact of the broader context before and after a 

clause on classification performance based on the SitEnt corpus. The gains, however, plateaued 

after a certain point. To examine the impact of broader context, I tested variants of my networks 

that included five clauses before and five clauses after each target clause in their representations, 

using the same mixture of roBERTa-base and one-hot parameters for representing each clause. 

Surprisingly, performance significantly declined and grid search over various model parameters 

like the size of later layers and dropout rate failed to improve the results. Wondering if this was 

due to inadequate attention to the target clause, I added an attention layer that prioritized target 

clause information, but still no improvement was observed. This is either a consequence of more 

nuanced labels capturing the information missing in the SitEnt corpus, or because the much 

larger contextual model was under-trained on the combination of SitEnt and News+Reddit 

corpora. Either way, I will report here only the results of the thinner model receiving only the 

target clause as input.   
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Appendix F –Temporal Patterns and Alternative Frames 

Temporal Modeling 

Caveats and Future Directions 

The 95% confidence interval surrounding the smoothed line treats each monthly 

proportion as a single data point, meaning the ranges are much more conservative than the data 

can support: Each point is in fact based on at least hundreds of documents (the lowest frequency 

in 2008) that may be considered independent samples for analysis purposes. If the reduction in 

estimation error based on the actual sample sizes was included, the error bounds would have 

been much tighter than shown, with the effect being particularly stark in later years due to 

Reddit’s gain in popularity. However, simply adjusting the bounds based on monthly sample size 

as I have done for the feature-based patterns in Appendix F would not have provided a fully 

accurate picture either: The wildly different monthly samples mean that the heteroscedasticity 

assumption in regression analysis is not respected, with the earlier months showing by necessity 

higher standard errors. The prediction uncertainty can be addressed by using more advanced 

techniques that consider temporal continuity rather than treat each point as a completely 

independent sample, but such adjustments would also need to incorporate the additional 

ambiguity introduced by smoothing.  

The final caveat to note is that the simple regressions in the rest of chapter are not best-

suited for extracting causality from time-ordered data, although my interpretations of their 

patterns have that flavor. Time series analyses are more appropriate given the temporal nature of 

my data and methods like difference in differences are better suited to studying changes due to 

legalization. Despite these caveats, my focus on developing the text analysis and psychology 

aspects of this work meant that I could not find enough time to apply more advanced temporal 
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analysis algorithms that would address the mentioned issues. I therefore leave improving on the 

conservative estimates used throughout this chapter as future work.  

Feature-specific Patterns 

Figure S.F.1 shows the proportion of generic, eventive and bounded clauses over time 

within the entire corpus as well as the subset of comments containing positive attitude persuasion 

attempts. The points represent non-smoothed proportions, the dark blue line locally smoothed 

values that highlight the temporal trajectories, and the light blue areas the 95% confidence 

intervals for the latter calculated based on the number of documents from each month. Note that 

the latter interval calculation ignores the temporal continuity of the smoothed line and the 

uncertainty introduced by the smoothing itself. As such, the bounds are preliminary. 

Minor Cluster Patterns 

Figure S.F.2 shows the temporal patterns in clusters other than the top two. Non-clustered 

topics are excluded (more on that below), but if added as a singular grouping would have shown 

a relatively linear increase in contribution over time higher than any of the clusters included here.  

One noteworthy pattern is less “bleeding” of reasons and arguments into non-argumentative 

discourse over time (top figure), consistent with attitudes fading into the non-controversial 

narrative Setting (see Chapter 5). The steep increase in non-argumentative discussions of Types 

and effects is probably a result of the booming cannabis industry following widespread 

legalization, as it happens too late to contribute to the attitude or legal shifts. Other trends, 

including for all minor clusters in the argumentative subset of the corpus are rather flat. 
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Figure S.F.1. The proportion of clauses (y-axis) with generic main referents (top panel), eventive verb 

constellations (middle panel) and representing bounded events (bottom panel) in the Reddit corpus over 

time (x-axis). Decreasing values in the top panel but increasing values in the middle and bottom ones 

represent more anecdotal discourse. The left panels represent the entire corpus, while the right panels 

show the positive attitude persuasion attempts. The relative incline in the left panels represents the 

feature-level reflection of the discourse shift towards anecdotal content in non-argumentative discourse. 
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Figure S.F.2. The proportion of text from U.S. users in the entire corpus (top figure) or the positive 

attitude persuasion attempt subset (bottom figure), coming from theme clusters other than Anecdotal 

experiences and attitudes or Crimes and politics. Non-clustered topics are excluded from the figure.  

 

Patterns in Non-Clustered Topics 

Figure S.F.3 shows major patterns among non-clustered topics. Five topics are not plotted 

because of flat trends and very low contribution over time both in the entire corpus and within 

the argumentative subset.  
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Legality and common use shows the most prominent pattern in both figures. This topic is 

partly concerned with whether legal status is tied to more or fewer users, and more or less of the 

substance (see Appendix C). Judging based on top comments, this lay discussion revolves 

largely around anecdotal examples from the authors’ hometowns or acquaintances. This would 

explain the increasing contribution over time as a consequence of legalization, which provided 

greater personal experience with the topic to draw upon. Views expressed in the top comments 

are diverse, in contrast with scientific research showing a clear association between legality and 

greater use at least for medical laws (Carliner et al., 2017). The divide between expert opinion 

and lay conversations has echoes throughout this dissertation and may have contributed to 

positive attitudes, but no inflection points can be seen around the times of key ballot. 

The sudden increase in economic discussions in the final years coincides with an uptick 

in discourse about Types and effects, reflecting a booming legal cannabis industry. Social 

disparities are surprisingly absent from both argumentative and non-argumentative 

conversations, although its use in persuasion attempts is on the rise perhaps due to the national 

reckoning with racial justice (non-U.S. users are excluded from the figures).  

A more linear pattern is observed for Stereotypes. This topic focuses on the specific 

cultural notion of a “pothead”, one associated with laziness, lack of accomplishments in life and 

similar negative properties (see Appendix C). Its decline may reflect the diminishing popularity 

of this particular image in the context of improving attitudes toward marijuana rather than a 

diminished propensity to engage in stereotyping more generally. 
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Figure S.F.3. The proportion of text over time coming from non-clustered topics with interesting temporal 

patterns, in the entire US-originated portion of the corpus (top figure), and the subset of it representing 

positive attitude persuasion attempts.  

 

Anecdotal Experiences and Attitudes in the 2016 Focus States 

Figure S.F.4 shows the contributions of topics in the Anecdotal experiences and attitudes 

cluster to discourse in California and Massachusetts over time. A steep decline in Character 

judgments overpowered an increase in Expletives-laden discourse to result in an overall decrease 

in the cluster’s contribution during the period leading up to and following key ballot initiatives. 
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Figure S.F.4. Contribution of “Anecdotal experiences and attitudes” themes to California (top) and 

Massachusetts (bottom) discourse in the corpus over time. Dark vertical lines show the date of the ballot 

initiative that legalized recreational use in the state. 

 

Topic Correlation with Moral Foundations 

Table S.F.1 shows Pearson’s r correlations between topic contribution and each of the 

five foundations in Moral Foundations Theory (Graham et al., 2009; 2013). The former factor 
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uses the topic contribution calculation discussed throughout the dissertation. The latter factor is 

operationalized based on per-document frequency, with negative (vice) and positive (virtue) 

parts of the spectrum separated.  

Minor differences with final values are possible due to ongoing database maintenance. 

Values smaller than .1 in absolute magnitude are excluded. But even topics with no reliable 

correlation are included in the table for contrast. Cluster numbering as follows: 1) Legal 

definitions and procedures, 2) Policy and media, 3) Quantitative, 4) Crimes and politics, 5) 

Types and effects, 6) Anecdotal experiences and attitudes, 7) Arguments about legalization, and 

8) Enforcement, -) non-clustered.  
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Topic Cluster Care Fairness Loyalty Authority Sanctity 

virtue vice virtue vice virtue vice virtue vice virtue vice 

Workplace 

law/policy 
1 .12 - .11 .11 .14 - .15 - - .11 

FDA schedules 1 .14 - - - .11 - .21 - - .19 

Legal 

procedures 
1 .25 .26 .19 .17 .22 - .34 - .15 .18 

Drug tests 1 - - - - - - - - - .15 

Local 

regulations 
1 .20 - .24 - .22 - .31 - - - 

Federal legal 

processes 
1 - - .28 - .10 - .24 - - - 

Media 

portrayal 
2 .10 .13 - .19 .27 .25 .20 - - .13 

Continuity of 

US policy 
2 .12 .17 .17 .10 .32 .13 .26 - - - 

Age and 

familial 

relations 

3 .36 .32 .11 .17 .25 - .23 - .22 .25 

Personal 

finance 
3 .23 .10 .13 .11 .25 - .19 - - .11 

Political 

ideology 
4 .18 .14 .21 .19 .28 .11 .20 - .37 - 

Government vs. 

individual 

power and 

rights 

4 .29 .34 .37 .27 .40 .12 .36 .14 .25 .24 

Private 

interests and 

Legalization 

4 .28 .12 .14 .11 .36 - .19 - - .13 

Legality and 

organized 

crime 

4 .13 .22 .11 .12 .33 - - .17 - .47 

Comparison 

with violent 

crimes 

4 .12 .40 .22 .25 .20 - .27 - - .20 

Comparative 

risk 
4 .23 .23 - - .12 - - - .13 .59 

Comparison 

with 

alcohol/tobacco 

5 .15 .21 - - - - - .11 - .25 

Medicinal 

effects 
5 .43 .23 - - - - - - - .17 

Scientific 

research 
5 .24 .16 - - .15 - .12 - - .22 

Use methods 5 .19 .12 - - - - - - .10 .13 

Hemp 5 - - - - .10 - - - - - 

Cannabis types 5 .16 - - - - - - - .11 - 

House searches 

and seizure 
6 - .15 .10 .14 - - .40 - - .13 

Emotional and 

life impact 
6 .36 .21 - - .16 - .11 - .20 .27 

Everyday 

encounters 
6 .18 .18 - .11 .15 - .16 - .15 .23 

(Continued on the next page) 
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Character 

judgment 
6 .34 .33 .26 .26 .26 - .27 .11 .23 .30 

Expletives-

laden discourse 
6 .19 .22 - .15 .16 - .14 - .16 .42 

Gun vs. 

marijuana 

enforcement 

6 .14 .29 .17 .11 .16 - .22 - - - 

Police car 

searches 
6 - - - - - - .18 - - .10 

Reasons and 

arguments 
7 - - .13 - - - - .51 - .13 

Parties and 

electoral 

politics 

7 - - .11 - .15 - - - - - 

Prison terms 

for cannabis 
8 - .15 .17 .12 - - .23 - - .13 

DUI effects & 

enforcement 
8 .11 .10 - - - - - - - .12 

Quantities & 

limits 
- .18 .15 - - .19 - .19 - .11 .17 

Social 

disparities 
- - .16 .13 .37 .25 - .26 - - .14 

State vs. 

federal 

legalization 

- - - .38 - .16 - .19 - - - 

State-level 

timeline 
- - - - - - - - - - - 

Geopolitics of 

legalization 
- .11 .12 .10 - .37 - .13 - - .13 

Laws and 

observance 
- - .12 .70 .14 .14 - .25 .16 - - 

Legality and 

common use 
- - - - - - - - - - - 

Economic 

forces 
- .10 - - - .12 - - - - - 

Stereotypes and 

life outcomes 
- - - - - - - - - - - 

Table S.F.1. Correlations between topic contribution and per-document frequency of terms associated 

with each of five Moral Foundations (following Graham et al., 2009,2013; Frimer et al., 2015). See text.  
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