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ABSTRACT

Real-time social media platforms now host the news cycle and shape public opinion, while large language

models (LLMs) give us new tools to observe and predict those shifts. This dissertation links the new

affordances of social media with the predictive power of LLMs to explain—and forecast—opinion change.

We first quantify the dynamics of news on an influential social platform, then develop LLM-based tools

to forecast persuasion and predict heterogeneous treatment effects (HTEs).

Study I — Media tempo and tone. Using 518,000 hours of U.S. talk-radio broadcasts and 26.6 million

tweets from elite and mass users, we show that Twitter discourse (i) moves faster at both take-off and

fade-out stages of a news event and (ii) sustains greater outrage than radio – despite radio’s often explicitly

outrage-focused business model. To our knowledge, this is the first large-scale, data-driven comparison

between Twitter and traditional media of both outrage levels and the rate of decay of attention to news.

Study II — Zero-shot persuasion forecasting. Across a diverse set of 28 randomized experiments,

LLM-based methods outperform an ensemble of strong baselines at predicting HTEs and deliver good

performance at predicting average treatment effects (ATEs) — all without any experiment-specific fine-

tuning.

Study III — Transfer and scaling. Fine-tuning LLMs on contemporaneous news coverage boosts HTE

(and ATE) prediction performance greatly, to more than 3x baseline performance. A new minibatch-

moment-matching (M3) objective lets us train a 400M-parameter model to nearly match the HTE pre-

diction performance of an 8B model at a fraction of the inference cost. Transfer, however, falters out of

distribution on held-out experiments and demographic groups, lending support to contextual theories of

persuasion.

Overall, we (i) quantify how platform affordances shape the tone and tempo of public discourse, (ii)

introduce LLM-based methods that make causal experiments more sample-efficient, and (iii) chart the

limits of transfer learning for opinion prediction. Our findings provide practical tools for HTE prediction

and help researchers anticipate persuasion dynamics in a media landscape shaped by both humans and

machines.
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Chapter 1

Introduction

We see things not as they are, but as we are.

Anonymous

Public opinion reflects many influences, from both mass media and interpersonal networks. Media

effects on opinion and behavior are real and important, showing up in matters from voting decisions
1,2

to political opinions,
2,3

and even in life-or-death questions of medicine and public health.
4

But public

opinion is not simply mechanically determined by the media; “personal influence” matters as well,
5

as do

real-world conditions like the economy
6,7

and the overall structure of society.
8

All of these inputs converge

in the minds of real people who have to form opinions on issues and take decisions, and there has been great

debate over the years about how they do that.
9–11

But regardless of how this opinion formation happens, it

highlights the central role of opinion change in the study of public opinion. Rather than mapping a fixed

set of views people hold, we want to understand the process that leads these views to change.

No understanding of this process in the modern era could be complete without a prominent role for

the internet, the rise of which has had a great effect on these opinion dynamics. The media ecosystem

has been transformed in important ways: It is more participatory,
12

faster,
13

and more conflictual,
14

with

effects on offline phenomena like protest
15

and voting behavior.
1

Because media coverage influences public

opinion, these new media with their new affordances
12

can change opinion by changing coverage. Public

views themselves have also changed, in particular becoming more polarized
16

and hostile to outgroups
17

in ways often linked to social media.
18

The measurement of public opinion has been affected, too, with

collapsing phone response rates
19

leading to the rise of online polls
20

and general ferment in survey re-

search.
21–23

Existing literature also argues for effects on the process of persuasion or opinion change itself,

via mechanisms like “group polarization”,
24

“filter bubbles”,
25

and digital technology substituting for

face-to-face interaction.
26

In parallel with these social changes, the internet has also led to a huge increase in the capabilities of

machine learning models, especially language models (LMs).
27

Along with greater computing power and

innovation in architectures, a necessary condition for these breakthroughs was the increase in the scale of

training data that web corpora allow.
28,29

(Witness the now ubiquitous phrase “large language model,” or

12
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Figure 1.1: A stylized DAG depicting the opinion formation process in which our work is set. People’s

opinions are profoundly contextual: they result from an opinion-eliciting situation and a person, who is

subject to many influences including the dynamics and feedback loops of the news cycle.

LLM.) The enormous scale of these corpora, and the resulting expense of training on them, have also led

to a new paradigm for machine-learning tasks: “pre-training” to produce a so-called “foundation model,”
30

followed by “fine-tuning” that model on a specific task or even use without further training, in which case

normally test-time tasks are expressed as text whose completion should be generated.
31

Models trained and

used this way have demonstrated impressive new capabilities,
32,33

among them greater ability to model

survey respondents
34

and other agents
35,36

and perhaps improve social science generally.
37,38

This dissertation ties together these threads, leveraging the new ML methods both to investigate

changing media dynamics and to model the opinion formation processes downstream of them. Our

points of departure in the process of opinion formation are illustrated in Figure 1.1, which takes a view of

persuasion inspired by that of Zaller
39

and his emphasis on external messages and cues. We are curious, in

other words, both about how those cues and messages are generated and about how they are received and

used.

The following chapters address two areas in particular: In Chapter 3, we analyze and compare the

dynamics and sentiment of the news cycle on social and broadcast media, specifically Twitter (the platform

renamed X) and talk radio; and in Chapter 4 and Chapter 5 we develop ways to use LLMs to predict

opinion change, especially in the context of randomized experiments, and to understand the mechanisms

of opinion change.

Our work on the news cycle is discussed first in the dissertation, and in a sense is prior to a study

of persuasion in any case. As existing literature emphasizes, people rarely change their opinions sponta-

neously, but rather in response to stimuli and especially stimuli delivered through the media.
10,39–41

It’s

thus important to ask about what those stimuli are and how they’re determined. An important theoretical

perspective for us here comes from McLuhan
42

in his famous aphorism that “the medium is the message.”

In other words, the affordances of a media technology shape its content. Our point of departure is to ask

how the enormous internet-driven changes in media technology of the last few decades, especially the rise

of social media, have changed the information those media deliver.

13
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The natural way for us to approach this question is to compare social and traditional media directly,

which motivates the comparative analysis of Twitter and talk radio in Chapter 3. We compare only broad

properties of these media, like news-cycle speed and sentiment, for theoretical reasons: Affordances

promote predispositions and worldviews, not compel any particular opinion on any particular topic. The

point McLuhan and his intellectual inheritors made
43

was not (for example) that TV makes one support or

oppose higher defense spending, but rather that it promotes a view of the entire subject as entertainment.

We are interested in examining similarly broad, fundamental questions about social and traditional media:

How fast and how outraged are they?

Even (perhaps especially) at this broad level, the new machine-learning tools are very helpful to our

analysis. Twitter and radio are both very large enterprises producing large amounts of content, far too

much to code by hand or subject to a systematic qualitative analysis. Language models and techniques

that use them, as discussed in Section 3.4, are instrumental in doing a comprehensive job and drawing

broadly informative, relevant conclusions.

And indeed, understanding these properties of media is helpful to a variety of different groups:

regulators and policymakers who need to figure out how communication platforms work, designers of

new platforms (or executives at existing ones) who want to avoid pitfalls, and academics studying media,

for whom this kind of research can highlight a method usable for future studies (as of new platforms). We

believe it points to the need for more attention to a vital area of research: an empirical science of platform

design, connecting affordances to social dynamics. Because of the rapid change in this space, with Twitter

already quite different from our data collection period and competitors rising quickly, the need for this

kind of work will not abate anytime soon. As academics like to say, more research is needed.

On the other side of the opinion-change dynamic, meanwhile, in the study of people’s response to

messages, the situation is different. Here there is a great deal of research: The science of persuasion has been

worked on extensively in political science,
39,44

psychology,
9,45

and other disciplines.
46,47

The marketing

industry and political communications have also accumulated a great deal of practical knowledge of what

works. Nevertheless opinion change is not well understood: There are varying theoretical perspectives

which disagree fundamentally, from the view that persuasion mostly occurs “in parallel,”
48,49

similarly

across groups, to other empirical findings that the process of opinion change is complex, highly context-

dependent and difficult to theorize or predict.
50

The question motivating our work in Chapter 4 and Chapter 5 is whether large pretrained models can

help remedy this problem. They are surprisingly good proxies for people in many contexts
34,35

— perhaps

they can serve in that role here as well. We frame the problem concretely as that of predicting heterogeneous

treatment effects (HTEs) in persuasion experiments, because of the powerful identification guarantees
*

provided by the randomization; many otherwise vexing confounders can be removed. Similarly, using

LLMs and the transfer-learning paradigm may let us explore how persuasion happens, not just whose

opinions change. Fine-tuning or adapting models on different datasets can test generalization: Is there

transfer between experiments, between kinds of people, between context (like news) and persuasive acts?

Affirmative answers to any of these questions would indicate predictable common mechanisms of opinion

*
Up to some technical subtleties discussed in Section 4.3.
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change.

Such mechanisms and the ability to predict their results have obvious practical applications in market-

ing, politics and other fields, but they have perhaps even greater scientific value. There would be great

benefit in establishing LLMs as usable (if imperfect) proxies for humans in studying opinion change, a

phenomenon that’s currently difficult and expensive to study. This difficulty of research stems funda-

mentally from two things: the context-dependence persuasion sometimes exhibits, which can render it

difficult to control all the relevant variables, and the unobservability of people’s internal states when they

change their opinions. With LLMs, however, both of these problems are greatly reduced: A researcher

can determine the training data, prompt and other inputs, and observe in extreme detail how the model

responds. Both context and subject in in-silico studies are simply more controllable.

Finally, we note that both of the streams of research in this dissertation are dual-purpose: They have

practical as well as academic implications. We hope that they can make a contribution to positive change. A

better understanding of both platform design’s impact on public discourse, and the ways people respond

to that discourse by changing their opinions, can advance scientific knowledge. We hope that they are also

relevant to policy questions and some of the pressing problems facing society.

1.1 Research Questions
RQ 1 Can we identify the differences in news cycle speed and sentiment, particularly outrage, between

Twitter (X) and radio? Are any of these differences attributable to properties of the media themselves?

RQ 2 Can we use pretrained language models to predict opinion change in response to messages in

experimental settings? Does performance vary by demographics or other traits of subjects?

RQ 3 Is there transfer learning and meaningful generalization on opinion-change prediction tasks?

In particular, is persuasion more predictable with pretraining on 1) contextual data like news, 2) data

from other experiments, or 3) data representing different groups of people?

1.2 Contributions in Brief
In the course of addressing these research questions, this dissertation makes certain contributions:

1. Empirical demonstration of faster news cycles online, showing that news events on Twitter have

shorter lifecycles compared to talk radio, and helping validate the method for use in future news-cycle

studies. These results provide the first large-scale empirical comparison of the decay of attention to

news between Twitter and traditional media.

2. The first large-scale comparison of outrage between Twitter and traditional media, finding that

Twitter has more outrage and more negativity than talk radio.
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3. Developing and validating methods for LLM-based treatment-effect estimation, which we find

outperform a set of strong traditional baselines.

4. Showing that fine-tuning on contemporaneous news data greatly improves treatment-effect predic-

tion performance, at least for the types of textual survey experiments we consider here.

5. Proposing a novel training objective for treatment effect estimation with neural networks, which

we find improves performance on a diverse group of experimental datasets.

6. Demonstrating a limited but theoretically important degree of generalization between experiments

and demographics in predicting persuasion treatment response.

1.3 Thesis Outline
The rest of the dissertation frames and investigates these questions. Succeeding chapters are as follows:

Chapter 2 Background, context and theoretical perspectives motivating and informing our work.

Chapter 3 Analyzing the speed and sentiment of the news cycle across media (Twitter and talk radio).

Chapter 4 Introducing methods to predict HTEs in randomized experiments with pretrained LLMs.

Chapter 5 Examining the deeper architecture of persuasion through experiments with LLMs, focus-

ing on transfer learning and generalization from news corpora and held-out experimental settings.

Chapter 6 Wrapping up: a summary of contributions, limitations and future research directions.
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Chapter 2

Background and Theoretical Context

With the rise of the internet, mobile devices and social media, an increasing amount of social life is now

conducted online, leading to large effects on areas from mental health to dating to politics. The theoretical

view underlying our work in this dissertation is that these effects are due to differences in the affordances
of the internet and social media: the characteristic properties and resources the technology offers for

social interaction. These changes in affordances have both direct effects on individuals and indirect effects

through further changes they cause in the content of media. An important example is the internet-enabled

disruption of traditional gatekeepers like news organizations, which had and have strong editorial cultures,

in favor of less constrained content sources like individual influencers.

In the face of all this change, some things remain constant. Basic human drives, including narrative

thinking and group identity, are consistent over time but play out differently online than offline. We

discuss some of these basic motivations, the changes in affordances that cause them to manifest differently,

and the difficulties digital technology poses for measuring and understanding these effects. There are great

difficulties and great opportunities in particular for public opinion research: Much new opinion data

is visible, but it is not in conventional survey formats. We believe and argue in particular that machine

learning tools are essential to solve these problems, and have great potential when applied to public opinion

questions. Many challenges facing society today, including political polarization, may benefit from ML-

enabled understanding of social and opinion dynamics. Work in subsequent chapters of the dissertation

applies tools from machine learning in an attempt to provide exactly this kind of understanding.

2.1 Introduction
We are concerned here with social behavior online, and particularly the formation, evolution and mea-

surement of public opinion. These areas of society have undergone enormous changes in recent years,

with the rise of smartphones and social media leading an increasing number of activities to be conducted

online.
51

While many of the effects have been beneficial – increased economic activity and e-commerce,
52

remote work,
53

and even claims of developmental benefits for adolescents
54

– much research has also found

negative effects on mental health
55,56

and the functioning of political systems.
57–59
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Our work proceeds from two central theoretical views: that these changes, both helpful and harmful,

are due to novel online affordances, and that tools from machine learning (ML) are needed to understand

and measure the changes and their causes. Affordances are a central notion in media studies and fields like

human-computer interaction, where the term refers to features of a technology that allow or encourage

some behavior while preventing or discouraging others.
60,61

The Internet and social media have clearly

different affordances from prior communications media,
62

ranging from context collapse
12

to an increase

in the prominence of weak ties.
63

The social effects of the new communication technology have been far-reaching, ranging from new

modes of protest
15

to changes in voting behavior
1

to patterns of inter-group conflict unknown offline.
14

These effects are often linked to the affordances inherent in the technology.
12,42

While basic human drives,

motives and mental features not tied to media do exist, the way that these drives manifest in society depends

on the media they are filtered through.

Media and their affordances do not, however, affect only social behavior as an object of study: They

also have profound influence on the process and tools of measuring it. The great scale, low friction, and

networked, interdependent character
12

of online life pose problems for traditional research methods.

The sheer size of modern digital datasets requires use of data-mining techniques,
64

while randomized

experiments, the gold standard of clinical research, suffer from inter-unit interference in online settings.
65,66

Even the collapse in survey response rates that has transformed public opinion research since the early 2000s

is linked to new technologies. With the displacement of landlines by cell phones, and the technologically

enabled surge in spam-call volume,
67

fewer people are willing to answer a call from an unknown number

like that of a survey interviewer.

Most of these issues (though perhaps not the decline in response rates) can be mitigated with machine

learning techniques. ML is useful and indeed widely used to understand social network phenomena
14,68–70

and has also been applied to public opinion research.
34,71

We believe, however, that this latter area is ripe

for further exploration, with many more promising applications than have been pursued. From a certain

angle, this dissertation is an extended argument for the benefits of applying machine learning to the study

of public opinion.

Finally, it’s worth mentioning some of the reasons these questions matter — the societal concerns

that motivate interest in them to begin with. While digital affordances have widespread effects, we are

especially interested in their impacts on the public sphere in Habermas’s sense:
72

the realm of public debate

and deliberation. Media coverage has great impacts on public discourse,
2,3,39,69

and the recent changes in

the technological architecture of the media pose equally great concerns for democracy. Falsehoods on

Twitter spread faster than the truth,
73

recommendation algorithms amplify political viewpoints,
74

and

polarization is intensified online.
75

Survey research, which is one of the main ways the political system

acquires public feedback between elections, is still delivering results but is under increasing methodological

strain.
76,77

The rest of this chapter is organized as follows: We discuss some of the underlying behavioral drives

affecting online (and offline) life in Section 2.2, before delving into digital affordances and some of their

direct effects in Section 2.3. Section 2.4 discusses the problems these new affordances pose for measurement
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and traditional approaches to research, and Section 2.5 covers ways machine learning can provide solutions.

Finally, Section 2.6 highlights reasons these questions and research on them matter — their impact on the

public sphere — and Section 2.7 wraps it all up.

2.2 Basic Drives
Any examination of the effects of changes in media affordances should start with what has not changed:

basic human behavioral drives and motives that are consistent across media environments. We’ll focus

here on only a few areas relevant to public opinion and online social dynamics.

These behavioral drives and tendencies are all about understanding the world. People make sense of

events by interpreting them as narratives, they make sense of themselves by identifying as members of

groups, and they absorb new information socially, through other people. Finally, people do not integrate

all of this information into an internally consistent whole, rather remaining ambivalent between different

narratives, identities, and pieces of knowledge. This way of interacting with the world implies (as we’ll

see in Section 2.3) that media affordances which change the narratives, groups and information that are

salient can produce large changes in social behavior.

2.2.1 Narrative

The tour begins with narrative, a fundamental, “familiar and ubiquitous” human mode of understanding

the world, indeed so much so as to be “likely to be overlooked.”
78

It structures the way people experience

their lives and construe those lives’ events, providing a ready way to make sense of each new occurrence. Sto-

ries in this meaning-making role are also powerful drivers of action,
*

from politics and political organizing
79

to economic behavior,
80

often without anyone consciously deciding that they would be.

Knowledge organized in this way has a number of characteristic features, of which a few are most

relevant here. In the schema of Bruner,
78

narratives are temporal (or “diachronic”), they are “particular” as

opposed to abstract, “intentional“ as opposed to purely causal or materialist, and finally are cumulative in

that they are remembered, retold and remixed in culture. Narratives, in other words, are about people and

their lives, and the form is a poor fit for information about other things. The natural human inclination

to think in narrative makes it particularly difficult to understand objects or events with complicated causal

structure.
81

While stories differ in their details and even their broad plot arcs, they all have a human scale

in common: duration on the scale of a human life, and indeed one protagonist (or at most a few) with

recognizably human motives. But many, indeed most, things in the universe are not like this: Statistical

mechanics and stock markets and even elections involve millions of people or objects interacting in a

fractally complicated way over very short or very long timescales, with the sort of “emergent behavior”

that fits poorly into narratives.
81

When people tell stories about such phenomena, we anthropomorphize

them: ‘The United States angrily protested the diplomatic slight,’ as though ‘the United States’ were a

*
The perfect example is Bitcoin: a trillion-dollar asset class memed into existence ex nihilo by the power of a good story.
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person rather than a huge group of people with a complex internal structure. Formal or mathematical

models of behavior are often a better fit, but are not at all intuitive.

This proclivity for narrative highlights the need for the sort of work we do in the rest of this dissertation.

Both of the phenomena we study (the news cycle in Chapter 3 and internal psychological processes of

opinion change in Chapter 4 and Chapter 5) are just the sort of complex mesoscale phenomena that are

difficult to understand as narratives. News events themselves are usually narratives (or at least narrativized

by the press), which makes the contrast all the more striking: No particular such narrative sheds light on

the complex underpinnings of the process that generates them. Journalism, with its inclination to tell

stories, may have difficulty examining itself. Similarly, with persuasion and opinion change, the forms and

mechanisms of influence may be subtle: a large number of small background cues,
39

not one large act of

influence that can be understood easily in human terms. We want, that is, to illuminate the non-narrative

background conditions that influence what kind of narratives people tell and believe.

2.2.2 Group Identity and Social Learning

The narrative form centers human experience because, indeed, people are deeply interested in other

people. They are often most interested in groups of people: nations, ethnicities, subcultures, and so on.

An influential theoretical view is that of Brewer,
82

who described people as having dueling desires to fit in

and stand out. Too much separation from other people is isolating and in some cases risky; too little is

stultifying and denies individuality. “Optimal distinctiveness,” the happy medium, is achieved when these

desires balance.
82

Importantly, this view predicts the existence of a hierarchy of groups of varying sizes,

with larger groups like nations developing subcultures and smaller ones aggregating together.

Other research, examining social groups in the service of questions not about group identity, has

found a similar nested structure of groups to which individuals feel loyalty. The classic study of voting by

Berelson et al. 83
provides a good example: Voters were initiated into political traditions by their families,

which especially meant being inducted into groups. Being a Catholic, a union member, a participant in

the upper-crust ‘society’ set, and most of all in a political setting a Democrat or Republican – all of these

and more are identities that voters are deeply connected to. For political purposes, participants in the

study often perceived these identity groups to have a hierarchical structure: One was pulled toward being

a member of the larger Democratic coalition by majority opinion in one’s own group of, for example, local

Catholics. The desire to fit in (with one’s groups) and to stand out (from the other party) are evident.

The example of voting highlights another way that sociality is important for our purposes: its critical

role in learning. Voters in Elmira, the town Berelson et al. studied, acquired most of their political informa-

tion and opinions from those around them, including their parents (early in life), friends, identity groups,

and preferred media sources. A related, pioneering study by Katz & Lazarsfeld
5

delved more deeply into

the structure of “personal influence” by one person on the opinions of another and found a complex,

richly textured web of social relationships that mediate learning.

Social learning has appeared in other influential work as well. Backstrom et al. 84
showed that users’

decisions to join online communities depends on how many friends the users already have in those

20



Chapter 2 Background and Theoretical Context

communities, and on the finer details of social connections among those friends. Milgram et al. 40
found in

a simple but ingenious experiment that people were more willing to stop and join a crowd of confederates

in looking up at a building the larger the initial crowd. Even the line of work in political science finding

media influence on public opinion
2,11,39

demonstrates social influence: People’s opinions are, after all, being

changed by information other people have brought them.

2.2.3 Cross-Pressure and Ambivalence

As this last example may suggest, people’s opinions are not usually fixed, carefully thought out and

internally consistent. Of particular interest are opinions having to do with public affairs, where this

conclusion is counterintuitive: For many years in the political science literature, the reigning assumption

was that people have “true attitudes” on issues.
85

The tide began to turn with the work of Converse,
10

who argued for a more complex conception of opinion. For Converse, while a small number of people do

have carefully reasoned ideological beliefs, most people think about public affairs in less abstract ways.

Some make decisions based on group loyalty, others on a general sense of the “nature of the times,” and

some not based on issues at all.

Because these less abstract motivations are not systematized and weighed against each other, they

are not preemptively reconciled where they may conflict. Most people, then, are ambivalent: they have

clashing, disconnected opinions that may lead them in different directions depending on which are salient.

Other work after Converse’s seminal paper picked up this thread and developed it, culminating in the

influential model due to Zaller
39

of opinion formation and expression. In this more systematic version of

Converse’s ideas, people respond to surveys based on a random sample of the opinions they’ve recently

been exposed to, especially in the mass media. Because respondents don’t usually (in the model) think

carefully about the opinions they hear, salience effects are powerful.

There are also close connections to the group identity and social learning issues considered above. The

shape ambivalence takes depends on the particular (potentially conflicting) social groups one is a member

of and feels pulled toward,
83

and on the micro-architecture of social influence in one’s network.
5

2.3 Affordances and Effects
While some aspects of human behavior are consistent over time, the technology through which they are

expressed changes rapidly, and social behavior changes with it. This section discusses the theory of these

technological changes, some particularly important affordances of the internet, and their political effects.

Particularly important is the end of the gatekeeping the role that news organizations traditionally played,

discussed in Section 2.3.3
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2.3.1 Theoretical Frameworks

A large literature documents the influence of media technologies and their affordances on human behavior.

Consideration of the subject in the modern era goes back to Walter Lippmann’s influential work in the

1920s,
86

which made the basic but essential point that the world is “altogether too big, too complex and too

fleeting for direct acquaintance.” People, in other words, understand the world through the media, as they

must: It is too large and changes too quickly for there to be any other option. Combined with the whole

catalog of cognitive biases that people bring to the task of interpreting their media-derived information,

this state of affairs led Lippmann to radical skepticism about the very possibility of an informed public

and a democratic polity.
41

John Dewey, sparking a debate that has continued ever since, defended democracy against Lippmann’s

critique in his famous book “The Public and Its Problems.”
87

While recognizing the force of his opponent’s

arguments, Dewey believed that democracy could be rescued from Lippmann’s doldrums. He stressed the

value of education, in allowing people to resist media blandishments and think for themselves, and also

(in contrast to Lippmann’s view of atomized individuals influenced by media) of social organization. A

real society is complex and situates each person in a web of social relationships and institutions, which can

help structure and inform that person’s behavior.

Rather than focus on political impacts specifically, another line of thought has considered the media

themselves and their effects on society overall. The seminal work here is Marshall McLuhan’s Understand-
ing Media, best known for its famous adage that “the medium is the message.”

42
McLuhan advanced a

comprehensive theoretical view of media and their impact on society, one grounded in the affordances and

technological features of particular media. His distinction between “hot” and “cool” media, respectively

those which provide a great deal of information and require limited thought from the audience (e.g.,

film) or less information and more thought (e.g., print), illustrates the overall emphasis on technological

influence. These media would have different effects on their audiences, in McLuhan’s view, and lead to

different cultural consequences.

The overall thrust of technological development in media, however, he expected to head in one

direction: toward greater integration and easier communication. The resulting “global village,” a phrase

McLuhan coined, is a cliche now but was quite a daring prediction in 1964.

Later work explored the social effects of these electronic media in more detail, and in a less aphoristic

style than McLuhan, a literary theorist and philosopher, used. Meyrowitz,
88

examining the “impact of

electronic media on social behavior,” stressed the importance of changing social topology. Electronic media,

which at the time meant especially radio and TV, changed who could be exposed to which occurrences

in society. With them, society went from a world in which walls and doors gated access to real-time

social events to one in which those events could be broadcast to millions. The new visibility changed the

“situations,” or archetypal social scripts, that people inhabited, resulting in not just wider access to the

same behavior but quite different behavior. Politics, for example, is not conducted the same way when

negotiations and debates are televised as it is when they are private or otherwise harder for others to access.

Finally, Ong & Hartley
89

study the differences between oral and literate cultures, and propose a new
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kind of “secondary orality” that develops in cultures with electronic media. The “primary orality” of

cultures without writing has several fundamental differences from the literate mindset,
89

all driven by

the affordances of face-to-face speech. Everything that is known must be memorized, and memory is

not perfect: People can more easily remember some things, like narratives, than others, like exact phrasal

formulas or factual lists. (Ong and Hartley give the trenchant example of the ‘begats’ in the originally oral

Bible, in which a genealogical list is couched as a story.) Because stories are told and memory is practiced

through performance to a group, knowledge is also social: Oral cultures have no such thing as solitary

study.

Both of these properties reversed with literacy, and have partially reversed again with electronic media.

Television and radio, the dominant media at the time Ong and Hartley wrote, promote an oral-literate

hybrid culture with elements of both. This secondary orality cannot exist without a literate culture to

sustain the technology, but it revives the emphasis on social performance of stories. Lengthy, detailed,

abstract thought plays poorly on television; as in a small group gathered to hear a story, emotion and

narrative are the order of the day.

2.3.2 New Digital Affordances

As the internet developed in the early 21st century, many scholars sought to adapt these theoretical frame-

works to the new technology. If indeed the medium is the message, what message did the internet send?

The answer is that it depends: Different sites and services have different affordances and different social

dynamics.
12

The internet is a more differentiated medium than television was, and particular user-interface

and design choices can have substantial impacts on how people behave.

There are, however, some commonalities. boyd
12

focuses on social network sites, and identifies four

traits that they generally have in common. In her terms, these are persistence, the default recording of most

online content; replicability, the ability to easily copy digital materials; scalability, more recently known

as virality, the ability of information to spread widely and frictionlessly to a large audience; and finally

searchability, the ability to easily search for and discover user-generated material. These affordances are a

sharp departure from pre-internet and offline life, in which speech is ephemeral, copying handwritten text

is slow and tedious, broadcasting was restricted to large media companies, and searching for information

required libraries and patience.

Together, they give rise to a dynamic Marwick & boyd
63

termed “context collapse”: The merging of

previously separate social spheres and situations. This is quite similar to the process Meyrowitz identified

for television and radio,
88

and indeed Marwick & boyd
63

explicitly characterize the internet as bringing

“the changes Meyrowitz described [for public figures] to interpersonal interaction.” The effects as they

describe them are far-reaching, especially a pervasive and corrosive sense of fakeness and inauthenticity

in the behavior of people who are simply reacting, as anyone might, to the presence of a large audience.

Context collapse is not even limited to the merging of diverse social settings, but can also (because of the

persistence of old content) occur over time,
90

with people sometimes durably defined by their oldest or

worst selves.
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A final notable feature of online social structures is not just the combining of previously disparate

settings, but also of different kinds of relationships. “Weak ties,” which is to say social connections to

people one knows only casually,
5,91

are quite important online. They make up most of the social graph

on any given service; no one with 5,000 Facebook friends, for example, is a close friend of each of those

5,000 people — there simply isn’t enough time in the day. They are not usually broken out separately

from stronger ties, with every following relationship on Twitter, for example, working the same as every

other. These edges are the substrate that supports “scalability”
12

or virality, social discovery of information,

and many other characteristic features of online life.

2.3.3 Effects

These differences in affordances have had numerous effects on society, both online and offline. Social

behavior broadly has changed in important ways, from the rise of online dating
92

to negative mental health

outcomes,
56

but in keeping with a focus on the public sphere, we consider political effects especially.

Some of the most striking are those that occur ‘in real life,’ as the saying goes, as part of offline political

activity. Tufekci
15

describes new modes of political protest enabled by the internet, which take a radically

“networked” and “leaderless” form that would be alien to any pre-internet organizer. These sorts of protests

— including movements like Occupy Wall Street and Black Lives Matter — are heavily reliant on digital

technology to function at all. Tufekci gives the example of an anti-government protest movement in

Turkey, coordinated and organized in a spontaneous fashion online. The movement’s sudden appearance

was an advantage
15

in avoiding repression, but also a hindrance in coming to terms with the authorities: In

a leaderless movement, after all, there are no leaders to negotiate with.

Nor are the effects limited to protests; Bond et al. 1
demonstrate in a randomized experiment that a

simple Facebook intervention can drive large changes in voter turnout. Crucially, this intervention relied

on a “social message,” in which members of the treatment group receive information about which of their

Facebook friends had already voted. A number of the internet’s new affordances are visible here, especially

scalable, viral information spread and the importance of the weak ties that predominate on Facebook.

There are, of course, online effects as well. Much of the behavior that occurs online, while it may

reflect offline social structure,
93

occurs in fundamentally new ways. On Reddit, for example, subreddit

communities can engage in a novel sort of conflict,
14

difficult to achieve offline, that most closely resembles

a military unit raiding behind enemy lines.
†

Members of one community, “mobilized by negative senti-

ment,”
14

are drawn through a hyperlink posted in their own discussions to another community, where

they attack and express negativity to members of the recipient community. This is, from top to bottom,

an online phenomenon: It couldn’t occur without hyperlinks and the other affordances of Reddit (clearly

demarcated communities, for one).

A final, and quite important, effect of this new social topology is its great weakening of traditional

gatekeepers. This story runs from affordances to shifts in attention to economic changes: The ease of

horizontal connection and the low cost of distribution online has led attention to migrate away from

†
Indeed, this behavior is sometimes called ‘brigading.’
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traditional media outlets toward newer internet properties,
94

and advertising dollars have followed. This

shift began with Craigslist and its demolition of newspaper classified-ad sections,
95

and continued with

the rapid rise of Google and Facebook (not such prior attentional giants as NBC or the New York Times)

to dominance in the online ad business. Fundamentally, advertisers want to be where the viewers are, and

viewers no longer need to consult (say) a newspaper to look up (say) movie times: the internet will now

give them a perfectly customized “Daily Me.”
96

The resulting economic weakening of the traditional press

has further accelerated the same shifts of attention that got it moving in the first place, as the decline of

local news in recent years attests.
97,98

2.4 Measurement
Social and economic organization is not the only thing affected by new technology. Social science has

seen significant changes as well. As they matured over the last few decades, digital technologies have been

both a great help and a hindrance to research. The benefits, of course, are clear: Large amounts of human

behavior are now more easily observable through digital data than they ever were in an offline world. The

hindrances are more subtle, but still important: New tools are needed to understand these large-scale

online phenomena. People are also less willing to cooperate with older research techniques like surveys,

partly because of digital affordances and their consequences like spam.
67

Even primarily descriptive research is more complicated than in settings with smaller data. Studies of

Facebook
93

and Twitter,
99

conducted early in those platforms’ histories, had to deal with large datasets

and rely on expertise in data engineering and computer science.

2.4.1 Experiments

Research aimed at drawing causal conclusions in online settings usually has an even more difficult task, in

contrast to the wide recognition of randomized experiments as the gold standard of clinical research. In

online experiments, the fundamental problem is pervasive interference between experimental subjects:
65,66

The same “scalability”
12

or virality that appears in other online phenomena makes it very easy for one

person to influence another. If, for example, person A receives an experimental treatment and is induced

to post angrier comments, all of A’s followers are potentially exposed to these posts as well and may be

indirectly influenced by the treatment.

This situation is a violation of the fundamental “stable unit treatment value assumption,” or SUTVA,
100

that subjects’ (potential) outcomes are not affected by the treatment assignment of other subjects. It renders

much traditional experimental methodology inapplicable.

Experimental research in online settings deals with this in a number of ways, with the appropriate

methodology depending on the quantity being measured and on the structure of the interference.
65

A

common approach is the ‘linear-in-means model,’
66

in which the ego node’s treatment effect is a function

of its own effect and the mean of its neighbors’ effects. There are many other models of interference that
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can be used, including “constant,” “neighborhood,” and “anonymous” treatment response, which Aral
65

covers in more detail.

In actually performing randomization, “network autocorrelation” of treatment
65

— i.e., whether

nodes near each other in the graph should be treated similarly — and the sequencing of treatment in time

are important considerations, both stemming from the reality of interference and assumptions about its

structure. A frequent approach is “graph cluster randomization,”
101

which assigns treatment to groups or

clusters of units and sharply reduces variance under mild assumptions.

While approaches like the linear-in-means model and graph cluster randomization are used in practice

now, there is still much research underway on both the theory and practice of network experiments. A

great deal of additional research has also already been done on these subjects (for example, Aronow &

Samii
102

), too much to cover here, and there are a large number of practically important experimental

results. Digital experiments have measured the effects of Facebook interface nudges on voting,
1

of Twitter

bots on political polarization,
103

and of Twitter’s recommendation algorithm on the ideological balance of

tweets,
74

among other subjects.
104–108

2.4.2 Survey Research

Scientific survey-based measurement of public opinion has been an important way for both policymakers

and academics to learn about public preferences since the pioneering work of Gallup
109

in the 1930s, which

in turn built on earlier theoretical approaches to public opinion.
86,87

While it has traditionally relied on

randomly sampled surveys of landline phones,
110

new technology has complicated this picture in several

ways. Landlines have gradually been replaced by cell phones,
111

with only 27.4% of adults having access to

a landline at the end of 2022,
112

and their decline is continuing. Because of legal restrictions on the use

of auto-dialer technology to call cell phones,
‡

polls of cell phones cost more to conduct. In parallel with

these developments, response rates to telephone polls have fallen to extremely low levels,
§

partly because

of the prevalence of spam calls.
67

Because calls that are not picked up still have costs in interviewer time

and phone service, in addition to pollsters’ fixed costs like office rent, declining response rates not only

pose the risk of bias but also raise the cost per respondent.

These challenges for polling became subjects of intense public discussion after the polling errors in

the 2016 US presidential election. Though Hillary Clinton’s lead in the polls that year was not as wide as

news coverage portrayed it, and shrank as the election got closer,
113

she did narrowly lose to Donald Trump

after narrowly leading in polls and poll-based forecasts ahead of Election Day. A detailed retrospective

analysis of the 2016 horse-race polls
77

by an AAPOR committee attributed the polling error especially to a

late-breaking shift against Clinton, with an important role also for pollsters’ practice of not weighting

polls by respondents’ educational attainment. The committee argued against some of the most concerning

explanations, especially the “shy Trump” theory of nonresponse correlated with candidate support. This

‡
47 U.S.C. §227(b)(1)(A)(iii).

§
Pew Research is helpfully transparent about these rates: As far back as 2018, its longitudinal surveys had a response rate of

only 6%
19

.
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reassuring conclusion held up well in the 2018 midterm elections but was challenged by a much larger

polling error in 2020,
76

at the height of the Covid-19 pandemic’s disruptions to daily life and behavior. The

results of the 2024 election, polling’s most recent acid test, are ambiguous: Trump once again outperformed

his polls, but by a much smaller amount.

Pollsters and scholars of opinion research have responded to these challenges with a flowering of

new methods. New survey modes, from online to SMS, have seen rapid uptake.
114

Online surveys, which

have been used since the early internet,
115

have become substantially more common in recent years.
114

Platforms like SurveyMonkey and Qualtrics are an important part of the story, offering tools for respondent

recruitment, randomization, reporting and more. SMS surveys, though less widely used, are also the subject

of both academic and commercial experimentation.
114

There is also substantial interest in and practical

use of mixed-mode surveys,
20,116

which combine contacts from multiple modes (e.g., live phone interview

and online). Longitudinal panels have become increasingly widely used as well, because their response

rates have held up better than those of cross-sectional polls.
117

Public and media pollsters have also increasingly adopted sampling techniques with a long history in

political campaigns. Rather than using random-digit dialing, many polls in the last few years employ voter

files as sampling frames,
118

taking advantage of the comprehensive list of voters to assemble samples more

precisely. Pre-stratification by predicted probabilities of turnout (and/or survey completion) provided in

these voter files, in particular, can improve power and help deal with nonresponse.
118

Finally, the huge number of opinion statements now expressed on the internet, and especially on social

media, provides a promising resource for measuring opinion.
119

These new data sources offer unprecedented

insight into the detailed attitudes of large sections of the public.
21

They can also help address the classic

critique, due to Blumer
8

and others, of survey-based opinion research that its model of independent,

identically distributed, disconnected respondents is a poor fit for our actual, hierarchical, interacting

society.

There are important challenges in using these new kinds of data, however, especially the lack of

standardized questions and the non-representative set of those expressing opinions. Taking advantage of

this data requires greater use of machine-learning methods and tools, and there will be more to say about

it in the next section.

2.5 Machine Learning
One of the same developments that has enabled these digital affordances may also provide tools for

measuring and adapting to them: machine learning. A comprehensive overview of modern machine

learning is at least a book-length endeavor and is well beyond the scope of this chapter. This section

will instead cover some of the important developments in ML, focusing on those relevant to online

social behavior and public opinion. We also outline their applications to the problems of Section 2.3 and

Section 2.4, and highlight some connections to our own work in later chapters.
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2.5.1 Power and Scale

For nearly a decade and a half now, machine learning has been going from one success to another on the

strength of “deep learning” or “neural network” techniques.
120

These methods, inspired by a loose analogy

to the workings of biological brains,
121

have a provable ability to fit any continuous function,
122,123

and

depend on the backpropagation algorithm
124

to perform gradient-based learning. They are capable of

impressive feats: among others, unprecedentedly accurate modeling of protein structure,
125

superhuman

performance at the game of Go,
126

and remarkable performance at language modeling and text generation.
27

Many of these achievements have come through two central ideas: the use of dense distributed repre-

sentations, and the power of large scale. Distributed representations, famously used in word2vec
127

with

many earlier antecedents like latent semantic indexing (LSA),
128

are based on the principle that meaning

should be spread out across the components of a model or object representation rather than concentrated

into ‘local’ or semantically aligned features.
129

In an NLP setting, that might mean having a dense sentence

embedding of dimension (say) 768, with meaning encoded in the geometry of the embedding space, rather

than a 100,000-dimensional embedding in a space where each dimension represents a word. This principle

has been widely applied in architectures from multilayer perceptrons
130

to recurrent neural networks
131–133

to more recent approaches like attention
134

and transformers.
135

All of these architectures learn embeddings, in the mathematical sense: an injective, approximately

homomorphic map from a high-dimensional input space like that of images or text to a low-dimensional,

usually Euclidean target space (of distributed representations).
¶

Because this embedding — possibly with

a final classification, regression, etc, layer on top — can be quite complicated with a highly parametrized

model, even sophisticated learning tasks like contextual word embeddings
136

or translation
137

can be reduced

to questions of geometry. Such representations have also been critical to the powerful self-supervised

learning approaches that have given us the transfer learning paradigm, with separate pretraining and

fine-tuning stages,
138

now widely used in ML.

The other central idea in recent ML breakthroughs is scale. Increasingly large models have been shown

to have increasingly good performance on a wide range of tasks,
28,29

a phenomenon often referred to as

“scaling laws” for neural models. This increasing performance is surprising in light of traditional learning

theory, which would expect increasingly large models to overfit. Neural network scaling behavior has in-

stead revealed a previously unknown kind of generalization performance known as “double descent.”
139–141

In this regime, generalization error declines again after reaching its maximum value at the point where

model capacity is sufficient to interpolate the training data. Various hypotheses have been offered to explain

this phenomenon, including the ‘lottery-ticket hypothesis” of useful sub-networks,
142

but its theoretical

foundations remain mysterious.

These two ideas are combined in the idea of a “foundation model,”
30

a large, general-purpose model

pretrained on a diverse corpus of text or audio/video,
143

usually also “post-trained” on instruction tuning

and preference datasets,
144,145

and applicable to a variety of tasks. Such models, which include ChatGPT

¶
Contrast the mathematical usage with the typical ML usage of the word “embedding,” which refers to points in the range

of this function: Rather than calling the model an embedding, that term is used for the vector it sends a token to.
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among many others, are shaking up ML research and finding practical applications in fields like software

development.
146

2.5.2 NLP

This trend of large “foundation” models based on distributed representations has been especially promi-

nent in natural language processing, the machine-learning subfield which considers language as data. The

field encompasses a variety of tasks, from parsing to question answering to language modeling, traditionally

with bespoke separate models arranged in a pipeline architecture to handle practical language tasks.

NLP has more recently, however, been dominated by large transformer
135

models pre-trained on

language modeling in particular, because accurate prediction of word co-occurrence
∥

turns out to be

sufficient to learn many other tasks.
147

Such models are then fine-tuned for downstream tasks, or their

hidden representations can be used directly, without further training. An additional, highly useful, idea is

to avoid both fine-tuning and the use of frozen hidden representations by encoding every task as a token

sequence completion problem, a technique often called “text2text.”
31

This new paradigm arguably began with BERT,
138

furthering the contextual-embedding approach

pioneered by ELMo,
136

and kicked into high gear with the release of GPT-3 in 2020.
27

A truly enormous

amount of research has happened in the years since, on topics from multimodality
148

to alignment
149

to interpretability,
150

but the paradigmatic idea continues to be the use of large pretrained transformer

language models.

2.5.3 Graph Learning

Deep learning for graph-structured data is also a powerful tool for understanding online social behavior.

Existing graph neural network (GNN) architectures are generally built on what is called the “message-

passing GNN” or MP-GNN approach, in which each node’s representation is iteratively updated based

on its own previous representation and those of its neighbors.
151

The term “message-passing” refers to the

information or “message” aggregated from neighboring nodes. In practice, each iteration is usually imple-

mented as a layer of a neural network,
151

sometimes with weights tied across layers. Recurrent architectures

exist
152

but are unusual.

Commonly used MP-GNNs include the graph convolutional network (or GCN),
153

based on an

analogue of the continuous convolution operator, and the graph attention network (or GAT),
154

a trans-

former with adaptations for graph data that improve its asymptotic complexity. Vanilla transformers are

also usable as graph neural networks if attention is masked according to the graph adjacency matrix,
155

though they have worse computational requirements than GAT. Shallow node embedding methods like

node2vec
156

can also be motivated in terms of this framework.
151

These models differ from those used in NLP and many other areas of deep learning in several important

∥
Usually autoregressively; masked / denoising objectives are less common because of the difficulty of using models trained

with them for text generation.
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ways. One of the most important is that they have been far less affected by the scaling revolution of the

last few years. Transfer learning is limited: Pretraining approaches for graph tasks are complex and see

limited improvement in performance by NLP standards.
157

Deeper models are not always beneficial

either, fundamentally because layer 𝑘 in the network aggregates information from each node’s 𝑘-hop

neighborhood. There is no reason to use more layers than the graph’s diameter, and when local information

is more useful than global information (as is often true in social networks), models may be shallower still.

Another important difference is that, despite these limitations, GNNs have a firmer theoretical basis

than most deep learning architectures. The MP-GNN paradigm has deep connections to the theory of

graph isomorphism testing and the Weisfeiler-Lehman test,
158

with many MP-GNNs having expressive

power provably equal to that of the test. From a different angle, the same MP-GNNs can also be motivated

as a kind of discrete spectral convolution,
151

based on a close formal analogy between a graph’s Laplacian

matrix and the continuous Laplace operator
159

(with connections thus also to Fourier analysis). There is

also considerable interest in alternative theoretical perspectives and developing models based on them,

especially ones able to benefit from pretraining and greater scale.
160

2.5.4 Applications

These ML techniques have been widely applied to research topics across scientific fields
161–163

, with some

limited use in analysis of public opinion and broader uptake for social network questions
164

and other

online social behavior. There is far too much of even these latter kinds of work to cover it all here. Appli-

cations have included tasks like stock price prediction,
165 **

fake news detection,
166,167

Twitter sentiment

analysis,
168

modeling the structure of literary narratives,
169

and even online-to-offline tasks like forecasting

the influenza season with Google search data.
170

Techniques from machine learning and AI are also used

to build tools and services, including for political communication
171

and journalism.
172

ML is also frequently used for research on questions having more to do with social structure and

interpersonal behavior. Kumar et al., 14
for example, analyze a certain kind of conflict allowed by the

affordances of Reddit (also discussed in Section 2.3.3), and build a classifier to predict these kinds of

conflicts. This sort of work has practical value to social media sites in helping prevent conflicts, and to

researchers in illuminating the situations in which they occur. Other research has combined
173,174

two

modalities — networks and language — that frequently co-occur in social media settings, often in the

service of answering social science questions. Bail
68

tests a thesis about the effectiveness of subcultural

bridging in online advocacy by using both network-structured social context and the language used to

express positions. Li & Goldwasser
70

leverage network structure, via a graph neural network, to provide

distant supervision for training a political perspective classifier. A final ML-informed direction of note is

to examine the workings and effects of social sites’ feed curation and recommender algorithms, as in the

context of a political campaign.
105

Some of the work in this dissertation fits into this vein as well, with the

analysis in Chapter 3 and Appendix A using graph-based techniques to detect news events and compare

the structure of Twitter and broadcast media. The clear presence of graph structure in such applications

**
In this case, presumably also rather a lot of unpublished work.
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makes graph-learning methods, whether neural or otherwise, commonly used.

Uptake of ML in public opinion research, by contrast, has been more limited. From quite early

on, there have been attempts to extract measures of opinion from social media, especially for election

prediction,
175,176

albeit with mixed results.
177

One of the most promising studies in this vein, that of

Bovet et al., 22
proposes a Twitter-based method for predicting opinion trends that is ultimately based

on hashtag co-occurrence. Validation against a traditional polling average in the 2016 US presidential

election demonstrates quite good performance. Despite these results, however, this study also highlights

the difficulty of social media data for opinion research: Twitter, after its sale to Elon Musk, has restricted

the availability of data enough that the method is no longer usable at a reasonable cost.

More recent research has focused on the use of large language models for opinion. An exciting line of

work has tried to relate social media data to public opinion data,
178

finding mismatches between “stance”

as expressed in a public opinion poll response and on social media. Other work has been under the broader

“alignment” umbrella, such as attempting to align language models to the consensus opinions of a group

of humans.
179

Other work, focusing on group deliberation rather than average opinion, leverages LLMs

to improve deliberative discussions,
180

and some recent papers examine the political biases displayed by the

models themselves.
181,182

Finally, a promising new direction is using LLMs to simulate respondents to public opinion surveys.

Several recent studies have taken this approach, with various fine-tuning strategies. Chu et al. 34
train

models on “media diets,” exploring the ability of such models to predict respondents’ answers to public

opinion polls. Besides being practically useful, the results shed light on the relationship between media

coverage and poll responses. Kim & Lee
71

evaluate similar methods, but with fine-tuning on survey

questions rather than media content, and also evaluate their approach as a method for multiple imputation

in survey settings.

2.6 Social Impact
It is worth stepping back and considering why these developments are important not just for researchers

but for society at large. We have encountered a few major, direct, offline effects so far, but there are others.

Particularly important are impacts on the public sphere,
72

broadly defined: public discourse, political

activity, and organizing on significant issues. As Habermas
72

defined the concept, the public sphere

consists of “private people gathered together as a public and articulating the needs of society with the

state.” Because any modern society has a huge number of private people participating in this activity, too

many to directly interact with each other, most of the public sphere takes place of necessity in the media.

Many of the impacts of technological change on the public sphere are news-media phenomena as

well. The internet has sharply changed both the economics of media and the distribution of readers’

attention.
183

As public attention moved online, to intermediary platforms like Google and Facebook,

advertising revenue moved with it and local news entered a steep decline that continues today. The news

cycle has changed as well, featuring much more influence for online media: first blogs,
69

then Twitter and

other social media,
184,185

and most recently TikTok.
186

These shifts have produced great effects on politics
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and other aspects of society downstream of the media.
187

In particular, they have contributed to polarization. The United States has seen a longstanding,

gradually intensifying process of political polarization, possibly motivated by partisan sorting of identity

groups
188

and the rise of a rural identity.
189

Increasingly polarized parties move further apart on issues
16

and

their voters express increasing dislike of each other.
17,190,191

Other developed countries have seen similar,

though less intense, polarization.
192

Media effects are widely argued to be involved
57

, with online media
192

and “pro-attitudinal media”
59

argued to be polarizing. More research is, however, needed.
59

The challenges facing survey research are also relevant here: While there has not (yet) been a great

collapse in polling accuracy,
76,77

declining response rates have made survey research more expensive and

harder to conduct. With the last several decades’ decline of mediating institutions like parties, civil society

groups, and so on,
193

a weakening of public opinion research may make government less informed about

what the people want.

2.7 Conclusion
We have reviewed both the theory and practice of changing media affordances, and ways to measure them.

New developments in the technology of communication are reshaping social behavior both online and

offline, and pose both challenges and great opportunities for social-science research. New machine-learning

tools are especially promising in addressing the challenges facing research, though they are also involved in

some of the negative effects of the new digital technology. (Consider social-media recommender systems.)

These developments pose important social risks, including to political culture and democracy. Innova-

tion in research methods and greater use of ML techniques, as we have discussed in this chapter and as

we pursue in the rest of the dissertation, plainly cannot fix all of these problems on their own. But for

research purposes, new methods can be and already are helpful, and with luck will continue to be. Fixing

problems begins, after all, with understanding them.
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Chapter 3

Speed and Sentiment of the News Cycle
Across Media

The work discussed in this chapter was published last year,
194

and we have adapted the discussion, figures

and tables here, in Section 6.1.1, and in part of Appendix A from the published version, with minor

modifications. Some of the text adapted from that paper, especially that describing datasets in Section 3.3,

first appeared in an earlier master’s thesis,
195

though none of the results did.

3.1 Introduction
The speed of the news cycle and the nature of public discourse surrounding the news have important

implications for civic life. If increasingly prominent new media institutions have shorter attention spans

than older ones, society’s ability to sustain focus on important issues and hold the government accountable

may be reduced.
196

Similarly, if outrage and negativity are intensifying as well,
197

public debate becomes

more rancorous and it may be harder to reach consensus. Because different media have and serve different

audiences, there may also be disparities between groups in the attention paid to those groups’ priorities.

These questions of media dynamics matter in turn because media coverage has an important role

in determining public opinion and policy
39

with even policymakers relying on mass media coverage for

information on matters as weighty as whether to go to war (the so-called “CNN effect”).
198

Understanding

the internal dynamics of media can shed light on the influence those media have over the rest of society.

We seek in particular to compare the nature of news propagation – its speed and affective content –

across media. We compare across two major and influential communication platforms, one drawn from

the domain of social media and the other from broadcast media: Twitter (recently renamed X) and U.S.

talk radio (both public and commercial). Both are highly impactful in their own right: radio because of

its very wide reach,
199

and Twitter because of its millions of users and a high concentration of journalists

among those users.

Radio in particular, while less of a venue for intra-journalistic discourse than Twitter, does not receive

as much attention as its substantial influence on political discourse and individual behavior
200

suggest it
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Figure 3.1: An example of one of the manually detected or keyword-based events used as a robustness

check, Bernie Sanders’ withdrawal from the 2020 presidential race. Note that discussion on both elite and

mass Twitter clearly peaks and falls off before radio discussion.

deserves. Much of this lack of attention is due to the difficulty of obtaining corpora of audio or transcripts,

which we address by building the comprehensive radio transcript corpus discussed below.

It is not clear, however, exactly how we should expect news events’ rise, decay and sentiment to differ

between radio and Twitter. On the early, rising side of a news event, a finding of more rapidly rising Twitter

discussion would be in line with qualitative and theoretical literature on the “24-hour news cycle,” the

acceleration of news,
13,201

and Twitter’s role in it,
202,203

with our study testing and contributing empirical

evidence to this literature.

It is not, however, obvious which medium we should expect to see move on more quickly. Twitter’s

highly interactive nature, which allows co-creation of the news
204

and a stronger feedback loop between

journalists and audience, may cause events to proceed faster and conclude more quickly than on a one-to-

many broadcast medium like radio. On the other hand, there are also reasons to expect events on the radio

to be less persistent. Unlike genuinely ephemeral radio broadcasts, which are not generally recorded, easily

available after the fact, or searchable, tweets persist online and can be shared by users, perhaps prolonging

event lifespans. Interactivity and virality may also be a two-way street, with a story that strikes a chord

with users persisting longer than journalists alone would have continued discussing it. Finally, because the

two media can interact, we might find that they have similar attention spans. With discussion on Twitter

keeping an issue alive and sparking interest on radio (or the reverse), news events may wind down in a

similar way across media. An empirical answer to this question appears to be lacking in the literature, and

our work in this chapter can provide one.

Meanwhile, in contrast to the theoretically and empirically rich literature on news cycles, there has been

much less attention to how outrage and other affective states compare between Twitter and traditional

media. We have not been able to identify a large-scale comparison between outrage or other affective

states on Twitter and in traditional media. The closest prior work
205,206

compared talk radio and cable

news to political blogs, rather than social media, and found both very high levels of outrage on radio and

cable, and lower levels in blogs. There is some support, in other words, for believing that either Twitter
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or radio (the medium of hosts like Rush Limbaugh and Sean Hannity) might be more outraged and

negative; comprehensive data are lacking. One contribution of our work is to fill in this lacuna with

an apples-to-apples comparison between the two media, especially one which allows us to examine the

distribution of outrage and negativity over the lifecycle of an event.

We address these questions with three large datasets, one of radio broadcasts and two providing

different views of Twitter. Our analysis shows that Twitter, as a medium, differs from radio in having a

systematically shorter attention span for news than radio, and in reacting to it in a more outraged way.

These biases, likely rooted in properties of the media themselves, suggest an important connection between

platform affordances and news cycle dynamics. Identifying specific mechanisms relating platform features

to news cycle behavior may be an important direction for future research.

3.2 Related Work
Twitter Twitter, whose traditionally easy data availability has enabled a great deal of research,

99,207
is

one of the major social media platforms with a mass audience and is widely used by journalists, playing

host to many of their interactions and deliberations with each other.
208,209

Journalists themselves, while

not always convinced that Twitter’s influence on their profession is salutary, have discussed it frequently

and at length.
210,211

Radio Terrestrial radio reaches as many as 88% of Americans each week,
199

and a long literature docu-

ments its political influence over issues and decisions ranging from health care reform
212

to vote choice
213

to misinformation and conspiracy theories.
214

This ability to influence political agendas reaches as far back

as Father Coughlin in the 1930s,
215

but intensified and became more clearly partisan after deregulation in

the 1980s and the rise of conservative hosts like Rush Limbaugh.
200

Affect Affect has been extensively studied on Twitter and social media in general, with a particular focus

on outrage. Prior work has examined its psychology,
216

mechanisms behind outrage ‘firestorms,’
217

the

distribution of outrage,
218

and many case studies,
219,220

which generally concur with everyday experience

that outrage is prominent and influential on Twitter. Outrage in traditional media has also received

considerable attention, especially in conservative media,
221

with pioneering studies from Sobieraj & Berry
205

and Berry & Sobieraj
206

finding very high levels of outrage on cable news and talk radio, and lower levels

in political blogs. Notably, the literature appears to lack a direct comparison of broadcast media to more

recent social media sites.

News cycle Work in political science and computational social science has lent support to claims of an

accelerating news cycle
201,222

and of media business models becoming increasingly focused on tribalism and

outrage,
206

with the latter rooted in the 1980s deregulation and the rise of talk radio.
200,223

But while both

the 24-hour news cycle and outrage media have long histories, they are often claimed to have accelerated
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with the internet,
13

and especially social media.
197,224

Indeed, there is even evidence that the turnover of

content in social media is accelerating over time, as recent work
225

has found for Twitter.

There is also extensive work on “intermedia agenda-setting,”
226,227

which focuses on the effects different

media and media outlets have on each other’s coverage decisions. The speed of reaction to events may

indeed be an important channel for this influence, providing a first-mover advantage for faster media that

can determine the tone and framing of subsequent coverage.
228,229

Though our work does not directly take

up such causal questions, it complements the agenda-setting literature by closely examining one potential

mechanism and origin of intermedia influence.

There has been much less quantitative work, however, on the falling side – the decay of attention to

news. Prior work has shown that traffic to online news stories decays rapidly,
185,230

as does engagement

with them on sites like Digg.
231

Other work
202,232

has examined the dynamics of attention on Twitter

during events, but focused more on the rise of attention than its decay, and used small numbers of hand-

selected events. Pfeffer et al. 233
analyzed the “half-life” of a tweet and found that engagement with the

typical tweet falls off rapidly, but this work examines individual tweets rather than events. Another study,

closer to our work, examines the “screen-persistence” of events detected on Twitter by an in-house event

detection system.
234

This work differs from ours, however, in looking only at very short-term (< 1 hour)

persistence, defines persistence by presence in the Twitter feed rather than net discussion, and does not

make cross-medium comparisons.

While an increasing amount of news breaks on or is influenced by these new platforms,
13

and researchers

have analyzed the dynamics of user activity within them,
225

there is relatively little hard evidence about

how news cycles differ between them and traditional media. Systematic, large-scale empirical evaluations

of comparative news-cycle speed and sentiment are lacking.

3.3 Datasets
Our three datasets each cover a total of six months, spread over three years: September to October 2019,

March to April 2020, and January to February 2021, encompassing important news events including

President Trump’s first impeachment and the start of the COVID-19 pandemic. We refer to these three

datasets — radio, elite Twitter, and firehose Twitter — interchangeably as “datasets” or “corpora,” to

distinguish them from the “media” of Twitter and radio.

3.3.1 Radio

The first of the three is a novel and very large dataset of transcribed radio broadcasts, developed using a

similar approach to Beeferman et al. 235
and Brannon.

195
This corpus includes the transcribed broadcasts,

divided into approximate speaker turns, web-scraped show labels, and station metadata. Before quality

filtering, it comprises 517,895 hours of audio from 228 talk and public radio stations, including content

from 1,066 shows and amounting to about 5.2 billion words of text.
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Our process began with data from the third-party company Radio-Locator
*

on the complete list of U.S.

radio stations, from which we selected about 200 of those with talk or public-radio formats and online

streams of their broadcasts. We continuously downloaded these broadcast streams. The exact number of

stations varied over time with technical issues and additions or removals for other projects.

An important difference from Beeferman et al. 235
and

195
is that we performed ASR in two steps: First,

to reduce costs given the large scale of the corpus, we converted all of the streamed audio to text using an

in-house speech recognition system based on Kaldi.
236

These transcripts are used in keyword-based manual

event detection (discussed below). Second, we re-transcribed the random sample used in automated

detection with OpenAI’s Whisper model
237

for better performance.

We also collected information on the stations’ schedules (i.e., start and end times of their programs) by

scraping their websites, using this to label transcribed broadcasts with the show of origin. Because station

websites are not always updated promptly, however, these labels are sometimes out of date. Overall, the

corpus included transcribed radio broadcasts, divided into approximate speaker turns, the web-scraped

show labels, and station metadata.

To exclude irrelevant content and ensure quality, we performed several filtering and deduplication

steps:

• We excluded any audio for which we could not collect schedule data. Note that a large share of

this content should be syndicated programming, and will be represented by collection of the same

content on other stations.

• We manually reviewed each of the 1066 shows and excluded those which did not contain any news

discussion, such as music call-in shows, gardening shows, and most sports talk, as well as the BBC

World Service, which rarely discusses US politics and is a poor match to elite Twitter. A handful

of entire stations which had changed to music formats during our collection periods were also

excluded.

• We dropped some airings (an “airing” is a show/station/date combination) to ensure quality, specifi-

cally those with ASR or schedule-data confidence scores below empirically chosen thresholds.

• Finally, we deduplicated the remaining airings across stations to “episodes,” or show/date combina-

tions, to avoid over-weighting large syndicated shows. We did so by choosing the airing for each

episode with the highest average schedule and ASR confidence.

This process yielded a cleaned, final corpus of 89,203 hours of content from 144 stations and 810 shows,

amounting to about 902 million words of text.

3.3.2 Elite Twitter

Our second dataset consists of 2.6 million tweets from a diverse set of 2,834 elite journalists and politicians

(“elite Twitter”) posted during the study periods. Parts of our analysis also rely on the follow-graph edges

*
https://radio-locator.com/.
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between these users.

User selection The set of users includes leading figures in journalism and politics, including every

member of Congress and reporters from the major national news outlets, covering a range of geographies

and ideological perspectives. Among politicians, we accordingly included every member of Congress and

a few particularly prominent political figures who were not in Congress at the time of data collection

(e.g., Donald Trump, Barack Obama, and Joe Biden). Among journalists, we generally deferred to news

organizations’ own decisions on notability, collecting most of our users from eight Twitter lists of promi-

nent reporters. These lists were themselves from ideologically diverse outlets: C-SPAN, Slate, MSNBC,

Fox News, the New York Times and the Washington Post. As with politicians, we included a few other

particularly prominent commentators.

We also included 203 radio hosts and staff (“radio users”) for whom we could identify Twitter handles.

Doing so lets us ensure that both radio and elite Twitter datasets offer different views of the social and

professional milieu around radio hosts, making analysis involving these two datasets an even more direct

comparison of the two media themselves. We collected the radio users’ accounts by show, focusing on the

45 largest syndicated shows (i.e., shows recorded on multiple stations), and then including approximately

half again as many local shows. We then manually collected matching Twitter accounts: If Twitter accounts

of hosts (i.e., on-air talent) were available, we included them; for producers and staff, we preferred staff

in senior positions or with a public presence, including more junior staff in a few cases where no other

accounts could be found. In total we collected 203 Twitter accounts for these 68 shows, with 65 shows

having accounts that posted tweets during the study periods.

While the final set of 203 radio-linked accounts is not based on a random sample of all shows, it is

reasonably representative of the largest and most important shows (because it includes most of them)

without neglecting smaller programs. For example, the syndicated shows include the most popular and

influential shows from both public and conservative radio during this period: for example, All Things

Considered and Morning Edition on one side, Rush Limbaugh and Sean Hannity on the other.

In selecting the other journalists and politicians included in the sample, we aimed to cover a range of

geographies and ideological perspectives. Among politicians, we accordingly included Twitter accounts for

every member of Congress (via C-SPAN’s members-of-congress Twitter list) and a small number of par-

ticularly prominent political figures who were not in Congress at the time of data collection (e.g., Donald

Trump, Barack Obama, and Joe Biden). Among journalists, we mainly deferred to the decisions on nota-

bility of news organizations themselves, collecting most of our users from eight Twitter lists of prominent

reporters. Two of these lists, from C-SPAN (“cspan/political-reporters” and “cspan/congressional-media”),

included journalists regardless of ideological affiliation, while two further lists each covered left-leaning

(“slate/left-leaning-tweets” and “msnbc/msnbc-hosts”) and right-leaning (“slate/right-leaning-tweets” and

“foxnews/shows-hosts”) journalists. We also included lists of prominent journalists from the New York

Times (“nytimes/nyt-journalists”) and the Washington Post (“washingtonpost/washington-post-people”).

As with politicians, we supplemented these lists with a small number of manually selected commentators

or institutional accounts who were not on any of these lists. This process produced 2631 Twitter accounts
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for journalists and politicians.

Data collection For each Twitter user, we collected all tweets posted by that user during the study

periods, as well as the list of IDs of other elite-Twitter users that user follows and is followed by (the

“follow graph” over the users).
†

For analysis other than ideology detection (discussed below), we used

information only about our list of 2834 users, and discarded follow edges to users not on the list. Not

considering second-degree connections through other users focuses our graph on users’ explicit choices,

and the preferences or interests they reveal. The ideology analysis does, however, use follow edges to these

other users to calculate an ideology measure.

We pulled the follow graph once, in early November 2019, and pulled tweets every day during the

three two-month study periods. Using these tweets, we also generated the mention graph, in which there

is a directed edge from A to B if A has mentioned B’s username in a tweet. (Unlike the follow graph, the

mention graph is used only for analysis in Section A.1, not in this chapter.) After creating both follow and

mention graphs, we collapsed all users in each graph associated with a given show to one node for that

show.

3.3.3 Firehose Twitter

The third and final dataset consists of 24.0 million tweets sampled randomly from Twitter’s firehose of all

tweets
‡

(“firehose”). We collected two separate samples, one for analysis with manually detected events

(8.4 million tweets) and another for analysis with automatically detected events (15.6 million tweets),

totaling 24.0 million tweets. Because firehose data is drawn from the general Twitter user base, using it as

well as elite Twitter lets us ensure that we are measuring effects of the medium as such, rather than only

journalists’ behavior or professional conventions. If we find similar behavior for both, as in general we do,

this behavior is likely to stem from Twitter’s affordances and properties as a medium.

3.4 Methodology
This section describes our methodology for event detection, affect identification and affect dynamics

modeling. There are several other robustness checks and supporting analyses also outlined here: inferring

ideology to analyze liberals and conservatives separately, matching detected events across media, and

identifying and tracking a small sample of manually specified keyword-based events.

3.4.1 Automatic Event Detection

The first step in comparing event lifecycles is concretely defining an ‘event.’ As in much existing literature

on news event detection (e.g., Liu et al. 234
), we define events here in a media-first, but also medium-agnostic,

†
The 203 radio users’ tweets were collected only during the 2019 and 2020 periods.

‡
Via the Decahose API: https://developer.twitter.com/en/docs/twitter-api/enterprise/decahose-api/overview/decahose
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way: An event is a subject of discussion and public attention, rising to prominence in discourse before

falling off. Concretely, our events are thus groups of related items (tweets or radio speaker turns), which

allows us to use the same definition of and detection method for events in both media, without relying

on medium-specific features like retweets. This definition captures a wide range of news, both clearly

exogenous events and those whose timing is driven by journalists’ editorial choices.

We operationalize attention as discussion, rather than audience exposure to content,
233,234

for reasons of

data availability. We had access to radio broadcasts and tweet-level information, but not to radio audience

data or the impression data needed to measure exposure on Twitter. This common situation
238

focuses

our analysis on the behavior of the media elites who produce news and those engaged users who explicitly

comment on it, and means that the results have greater implications for research on agenda-setting than

on media effects. While the hypothesis that audience attention rises and decays in line with discussion

is plausible, and our results with Twitter’s firehose below provide some evidence for it in that medium,

we cannot say for sure. On the agenda-setting side, though, because past media discussion can frame and

influence future coverage,
228,229

a medium whose engagement with an issue both begins and ends sooner

may have a greater ability to set the agenda.

To detect events as we’ve defined them in the elite Twitter, firehose Twitter and radio corpora, we use

the newsLens system of Laban & Hearst.
239

The system has several stages, or modules:

Inter-item similarity computation First, we compute the similarity of each item to every other

item within a sliding window over the corpus. (Recall that an “item” is a tweet or radio speaker turn.)

We use a window of length 16,000 seconds, and follow recent work
240,241

in using the cosine similarity

of Sentence-BERT embeddings
242

rather than bag-of-words representations or doc2vec to compute

the inter-item similarity in the first stage of newsLens, building on findings of better downstream

performance.
240

Item similarity graph Only item pairs with similarity above a configurable threshold are kept; we

used a value of 5 standard deviations above the mean for all years and corpora, with (year, corpus)-

specific values for SD and mean. The selected item pairs form an undirected graph.

Community detection Next, we use the Louvain community-detection algorithm
243

to decompose

the graph into events, or news stories. Because our graphs were not in general fully connected, we ran

the Louvain algorithm separately within each component of at least 300 items.

Community merging To detect events which are interrupted and then resume, detected events

which do not overlap in time are merged together if the cosine similarity of their centroids exceeds an

empirical threshold; we used the 99.9th percentile of all pairwise similarities.

Because the radio and firehose corpora are much larger than elite Twitter, for simplicity and a fair

comparison we first randomly downsampled the final radio corpus to the same size as elite Twitter before

running newsLens. Because the firehose contains a large amount of content which is not about news, such

as Twitter memes and discussion of movies or music not released recently, we downsampled the firehose
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corpus to six times the size of the elite Twitter corpus (rather than the same size) to get a similar number

of news-related events.

We ran the detection process separately on each (year, corpus) pair, such as 2021 firehose data. Separating

the media during the detection phase produced notably higher-quality events, and we address its downside

of no longer having paired events with the matching process described below.

3.4.2 Event Filtering

To exclude radio and firehose content which was not about news (e.g., advertising, weather reports, Twitter

memes), we represented each event by the centroid of its item embeddings, and filtered out detected radio

and firehose events whose maximum cosine similarity to any elite event was below a manually tuned

threshold of 0.6. We used the same threshold across all years and corpora. We also discarded any detected

event consisting of fewer than 10 tweets or speaker turns, in order to exclude a set of apparently spurious

detections with very few items. We did not filter elite Twitter events, because by inspection this corpus —

made up of journalists and politicians — almost exclusively consists of news discussion.

We filtered in this way, relying on elite Twitter, for two reasons. First, because we are interested in

comparing properties of Twitter and radio as media, it is more important to have a common set of news

events than to have an entirely comprehensive one. Minor news events which were discussed only on mass

Twitter or local radio would be important in a thorough survey of the news agenda on these media, but

we are interested in the different question of comparative news cycle dynamics. Avoiding confounders

like topical variation can help. Second, deferring to a large set of national journalists on what the news is

greatly reduces researcher degrees of freedom in this regard.

Firehose Elite Radio

Year

2019 224 393 41

2020 203 566 53

2021 73 105 36

Table 3.1: Counts of automatically de-

tected news events by year and corpus.

Detected events This detection process identified 1,694 total

events, broken down by year and corpus in Table 3.1. In light

of recent findings that patterns of user behavior on Twitter are

changing over time,
225

we also break down much of the following

analysis by year as a robustness check.

3.4.3 Event Matching

Some of our analysis requires matched (elite, radio, firehose)

triples, selected to correspond to the same real-world occurrence.

We selected these triples as follows. Using the same all-pairs co-

sine similarities as above, for events in different media which

overlapped in time, we found (elite, radio) matches. The first step was to discard pairs which failed to

satisfy some quality constraints: a) if either event in the pair had fewer than 30 items, b) if the events

differed by a factor of more than 3 in their wall-clock duration, or c) if the events differed by more than a

factor of 7 in the number of included items. We formed an undirected graph over the remaining events,
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Figure 3.2: The average empirical CDF and PDF of mentions of the automatically detected events. We

find the time after event start of each item (tweet or radio speaker turn) contained in the event, compute

the empirical CDF at 15-minute resolution and average the CDFs over the events. The PDF is obtained by

a central difference estimate of the derivative of the CDF. Only mentions occurring within 48 hours of

the event are included. The density of Twitter discussion shows the same rapid rise and rapid fall, first

exceeding and then falling below radio, as in the manual case. The “Firehose” line represents all firehose

stories, while the “Firehose ex. Covid” line excludes Covid-related stories from March and April 2020.

with one edge per pair and the cosine similarity as an edge weight. Finally, we took the maximum-weight

matching
244

as implemented in the networkx package
245

for Python to find the most similar pairs of events.

We used the same procedure and quality filters to match these pairs to firehose events, yielding (elite,

firehose) and (radio, firehose) pairs, with each firehose event matched to the closest elite or radio event.

Grouping each firehose event with the (elite, radio) pair to whose member it had been matched gave us

(elite, radio, firehose) triples, which we filtered by dropping those below a threshold in either (elite, firehose)

or (radio, firehose) similarity, with the same threshold for both similarities. After manual inspection, we

found that a threshold of 0.5 produced a high-quality set of events. In total, we find 38 triples totaling 114

events.

3.4.4 Manual Event Detection

As a robustness check, we identified a set of events from Wikipedia occurring during the same periods in

2019
§

and 2020
¶

as our datasets and tracked mentions of them by counting keywords. To avoid drift in the

real-world events associated with our keywords, only mentions within 4 days of event start are considered.

The identified events are shown in Table 3.2.

§
https://en.wikipedia.org/wiki/2019_in_the_United_States

¶
https://en.wikipedia.org/wiki/2020_in_the_United_States
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We aimed to collect a particular kind of event, namely one which a) got more than a trivial amount of

discussion on both radio and Twitter, b) was readily identifiable by simple keywords, and c) occurred at a

specific point in time rather than extending over a longer period. We collected the first 5 events each during

the 2019 and 2020 corpus periods that we found to meet these criteria, for a total of 10. Using point events

of this sort allows us to avoid considering the time course of the event itself, as with, say, a hurricane. Our

events can thus all be viewed as announcements: of firings, bankruptcies, court decisions, etc.

3.4.5 Ideology Inference

Some of our analysis breaks down radio and Twitter into liberal and conservative ideological sides. This

section lays out our methodology for identifying liberal and conservative content in elite Twitter and radio

corpora, relying on particular properties of each medium to do so. Lacking a good way to make ideological

inferences about users in the general firehose, we ignore it here and consider only elite Twitter and radio.

Date Time

Event

John Bolton Fired 2019-09-10 16:00

Purdue Bankruptcy 2019-09-16 03:15

Tom Brady Free Agent 2020-03-17 12:45

Shane Gillis Fired 2019-09-16 20:00

Manning Released 2020-03-12 21:15

Huffman Sentencing 2019-09-13 18:00

Bernie Drops Out 2020-04-08 15:15

NBA Season Cancelled 2020-03-12 01:30

Warren Drops Out 2020-03-05 15:30

Trump Impeachment 2019-09-24 18:30

Table 3.2: Details of the 10 manually detected news

events included in our analysis. All times are UTC

and are for the 15-minute period start time immedi-

ately preceding the event.

Twitter. To identify liberal and conservative

sides of Twitter, we rely on Louvain communities
243

in the follow graph, which has been shown to incor-

porate both social and discursive aspects relevant

to a phenomenon like ideology.
99

Community de-

tection returns a small set of communities covering

the entire graph, which upon inspection have clear

interpretations. One consists mainly of conserva-

tive journalists and politicians, one is centrist-left,

and the others contain mostly liberals; we consid-

ered tweets from the first community’s members

to be conservative and all others to be liberal. For

a more detailed examination of these communities,

substantiating this interpretation, see the supple-

mentary information to the published paper.
194

Radio — Methodology. For radio, it is less clear

how to identify an ideological dimension. Lacking

any labeled training data, we cannot follow Vija-

yaraghavan et al. 246
in using a classifier to infer user

ideology. In lieu of Bayesian methods,
247

we instead adopt a simpler approach (also used, for example, in

Green
248

and Timm
249

) based on applying dimensionality reduction to Twitter’s follow graph.

We first form the bipartite graph between radio accounts, on the one hand, and the set of all Twitter

users (not just our set of journalists and politicians) who follow at least two radio accounts. (Here, unlike in

the main text, we rely on the full set of follow graph edges pulled for the elite-Twitter accounts rather than
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only the edges among the elite-Twitter users themselves.) From the adjacency matrix of this graph, which

has radio accounts as columns and followers as rows, we compute the pairwise cosine similarity matrix of

the radio accounts. We can then project the radio accounts into a lower-dimensional space (we use 2D for

easy visualization and inspection) via classical multidimensional scaling (MDS). In a heavily ideological

set of users like ours, where distances largely reflect ideological homophily, one of these dimensions is

interpretable as latent ideology.

Because of properties of MDS, the scores are only well-defined up to a change of sign. We found

higher scores to be more conservative and lower scores to be more liberal, which our discussion reflects.

(The scores range from about -0.75 on the liberal end to +1.25 on the conservative end.) To get scores at

the radio-show level, we averaged the ideology scores of the radio accounts associated with each show to

obtain the show’s ideology score. Finally, to get a dichotomous indicator for radio content, we map these

show-level scores back to radio content. Any content from a show with an ideology score receives that

show’s score, and other content on stations with such shows (i.e., content from other shows for which we

do not have Twitter handles) receives the average score of shows with ideology scores. In all, this process

assigns scores to 81.0% of the radio data. The remaining radio content within each event is excluded from

our ideology analysis.

Radio — Validation. The follow graph-based measure of ideology validates well, and is readily inter-

pretable. On the radio side, we evaluate it at the show level, taking as reference labels whether a show airs

more on public radio or non-public, commercial radio, because of the well-known fact that non-public,

commercial talk radio skews heavily conservative politically.
200

(According to our schedule data, all but

one show airs at least 99% on one or the other.) We find that the continuous ideology scores achieve an

AUC of 0.933 at predicting these public/non-public labels. More qualitatively, Twitter users with the

highest or most conservative scores include well-known right-wing hosts like Mark Levin, Sean Hannity,

and Dana Loesch, while the lowest or most liberal scores belong to users who are affiliated with NPR.

Other reassuring patterns the scores reflect include variation by geography (radio stations in urban areas

tend to be associated with more liberal shows) and frequency band (AM talk is a particularly conservative

genre). They also line up well with the follow-graph communities: The community we found to contain

most conservative hosts has the highest average score by far at 0.605, compared to -0.09 for the centrist

community and -0.529 and -0.607 for the two liberal communities.

As a robustness check, we also evaluated the simple option of considering statements from public radio

stations to be liberal and statements from other stations to be conservative (relying on the well-known

average political leanings of commercial talk and public radio
200

), and found very similar results.

Event Splitting. We use these ideological assignments to break each event into liberal and conservative

sub-events for its discussion in the appropriate parts of radio and Twitter. We drop from the liberal side

any event without at least 10 liberal items, and analogously on the conservative side, and also drop from

both sides any event without at least 20 items in total. In total, we are left with 907 liberal events and 629

conservative events, each out of 1,694, with a total of 965 unique events between them.
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3.4.6 Affect Identification

We measure three affect variables: negativity, emotionality and outrage. To detect them, we follow Yin

et al. 250
in treating the problem as textual entailment and use an approach based on natural-language

inference (NLI). The NLI task takes a “premise” and a “hypothesis,” and estimates probabilities that the

premise entails, contradicts, or is independent of the hypothesis. For each item (tweet or speaker turn) and

each affect metric, the score is the estimated probability that the item, as premise, entails the hypothesis

“This sentence is [negative/emotional/outraged].” We apply this procedure to each item in the newsLens

events.

In more detail:

• We begin with a BART-Large model
251

fine-tuned for NLI.
∥

• For each label (“negative,” “emotional,” or “outraged”), we take the text of the input item (tweet or

speaker turn) as premise, and the sentence “This example is [label].” as hypothesis.

• The model’s NLI head produces probabilities of entailment, contradiction and independence. We

take the entailment probability as the probability that the input item satisfies the label, discarding

the other two estimates.

A hypothetical example might have the premise “@username this is a terrible tweet, delete this” and

the hypothesis “This example is negative,” with the model estimating P(entailment) of 0.96. We would

then take this value as the tweet’s “negative” score. Manual spot-checks reveal that this procedure produces

reasonable scores for both tweets and radio content.

3.4.7 Modeling Affect Dynamics

To analyze the time dynamics of affect, we fit logistic regression models to the data for each corpus,

predicting the affect scores as a function of linear trends in within-event relative time. (The item-level

scores are probabilities, so a linear model of their log-odds is a logistic regression.) The within-event relative

time is the time of occurrence of a given tweet or speaker turn after the start of the event that contains

it; for example, a tweet which was posted 3 minutes after the start of its event would have a within-event

relative time of 3 minutes. This section describes these models, which we state here for one arbitrary affect

variable 𝐴; the specifications are identical except for the choice of 𝐴. Between three affect metrics and

three media, we fit 9 models and apply corresponding Bonferroni corrections to hypothesis tests.

We have a set of𝑁 items (tweets or speaker turns) which have been assigned to detected events, indexed

by a variable 𝑖, each of which has a parent corpus 𝐾𝑖 ∈ {E, F,R} (for elite, firehose and radio). Write

𝐶 ≜ {E, F,R} for the set of corpora, 𝐼(𝑐) for the set of items in corpus 𝑐, ind(𝐼(𝑐)) for the indices of items

in 𝐼(𝑐), and finally 𝑆(𝑐)
for the set of events detected in corpus 𝑐.

∥
https://huggingface.co/facebook/bart-large-mnli.
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Each item in each corpus 𝑐 also has a within-event relative time 𝑡𝑖 ≥ 0, an event ID𝑆𝑖 ∈ 𝑆(𝑐)
indicating

which event it was assigned to, and an affect variable 𝐴𝑖 ∈ [0, 1], interpretable as a probability of the item

displaying the underlying affect state.

For notational simplicity, let 𝐿𝑖 ≜ log(𝐴𝑖/(1− 𝐴𝑖)) be the log-odds of affect, 𝐷𝑖(𝑠) ≜ 1{𝑆𝑖 = 𝑠}
be a dummy variable for whether item 𝑖 is in event 𝑠, and 𝐺𝑖(𝑐) ≜ 1{𝐾𝑖 = 𝑐} another dummy for

whether item 𝑖 is in corpus 𝑐. The 𝜖𝑖 terms below are error terms.

Single-corpus models. First, we model the log-odds of affect as a linear function of relative time:

𝐿𝑖 = 𝛽1𝑡𝑖 + 𝛽0 + 𝜖𝑖 (1)

for all 𝑐 ∈ 𝐶 and 𝑖 ∈ ind(𝐼(𝑐)).

Next, we test for time trends net of event-level effects by modeling affect as a linear function of relative

time, controlling for event fixed effects (note that we cluster the standard errors by event):

𝐿𝑖 = 𝛽1𝑡𝑖 +
∑︁
𝑠∈𝑆(𝑐)

𝛽𝑠𝐷𝑖(𝑠) + 𝛽0 + 𝜖𝑖 (2)

again for all 𝑐 ∈ 𝐶 and 𝑖 ∈ ind(𝐼(𝑐)).

Multi-corpus models. To test for inter-corpus differences, we take pairs of corpora (elite/firehose,

elite/radio and firehose/radio) and model them as linear functions of relative time, corpus, and the interac-

tion effect. For corpora 𝑐1, 𝑐2 ∈ 𝐶 , we have:

𝐿𝑖 =𝛽3𝑡𝑖 + 𝛽2𝐺𝑖(𝑐1) + 𝛽1𝑡𝑖𝐺𝑖(𝑐1) + 𝛽0 + 𝜖𝑖 (3)

where 𝑖 ∈ ind(𝐼(𝑐1)) ∪ ind(𝐼(𝑐2)). The coefficients 𝛽1 then indicate the magnitude of the inter-corpus

difference in relative-time trend.

As above in the single corpus case, we also fit models with event fixed effects, again clustering the

standard errors by event. For linear relative time, we have:

𝐿𝑖 =𝛽3𝑡𝑖 + 𝛽2𝐺𝑖(𝑐1) + 𝛽1𝑡𝑖𝐺𝑖(𝑐1) +
∑︁
𝑠∈𝑆(𝑐)

𝛽𝑠𝐷𝑖(𝑠) + 𝛽0 + 𝜖𝑖 (4)

where 𝑖 ∈ ind(𝐼(𝑐1)) ∪ ind(𝐼(𝑐2)).
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3.5 Results

3.5.1 Event Lifecycles

We first look at the average empirical CDF and PDF of within-event relative times. Recall that if we consider

an event to start at the time of its first item (tweet or speaker turn), an item’s relative time is its offset from

its event’s start time. If, for example, a tweet assigned to some event occurs exactly 100 seconds after the

event starts (i.e., with its first tweet), the tweet’s relative time is 100 seconds.

The average eCDFs and ePDFs are shown in Figure 3.2, and demonstrate the general point of faster

Twitter lifecycles clearly: discussion on elite Twitter rises fastest, followed by the firehose, with both

remaining at a higher relative rate than radio for a time, before both falling below the level of radio

discussion for a longer time as events wind down.

Here, however, there is a complication: As shown in Figure 3.2, firehose discussion of Covid in March

and April of 2020 does not follow this pattern. We identified Covid-related events by embedding a probe

phrase (“pandemic of coronavirus disease 2019”), measuring the cosine similarity of the phrase’s embedding

to the centroid of each event’s item embeddings, and selecting those with similarity above an empirical

threshold of 0.1. Such events in the firehose rose more quickly than radio, but did not fall off as quickly as

events in other years or (in 2020) about other topics. Inspecting these events revealed the reason: Firehose

discussion of the pandemic at this point was constant, closely related to people’s lived experience of the

virus and countermeasures, rather than particular news stories, and difficult to separate into discrete events.

This unusual behavior during an exceptional time for the media ecosystem throws into relief the more

usual behavior, during other years and on other topics in 2020, of firehose discussion winding down faster

than radio.

Examining the events concretely, we find that the cumulative fraction of elite Twitter discussion (i.e.,

the empirical CDF value) is greater than the cumulative fraction of radio discussion at every 15-minute

query point out to 48 hours after event start. The eCDF of firehose discussion, if we exclude the Covid-

related events from 2020, is also strictly between elite Twitter and radio at all query points. Two-sided

percentile-bootstrap tests find that all of these differences are significant at the 5𝜎 level (𝑝 < 2.86 · 10−7
),

except for the last 14 hours of firehose/radio differences. (All but the last three hours are significant at the

lower 𝑝 = 0.05 level.) Though not shown in Figure 3.2, results are similar for 2019, 2020 and 2021 subsets

— see Section A.2 and Figure A.2 in the appendix for more details.

For another view of event onset and decay, we calculate means and standard deviations (SDs) of the

relative times, in seconds, for each event. A later average relative time indicates an event whose center of

mass, so to speak, occurs further after event onset (i.e., not rising as quickly), while a higher SD indicates

one which is more spread out in time (i.e., not decaying as quickly). The relative-time means and SDs

tell a similar story to the eCDF/ePDF analysis. The average within-event time is significantly lower at

the 5𝜎 level for both elite Twitter events (𝑡 = −35.07, df = 1192, 𝑝 < 2.86 · 10−7
) and firehose events

excluding 2020 Covid-related events (𝑡 = −10.24, df = 463, 𝑝 < 2.86 · 10−7
) than radio events. SDs

are also significantly lower for elite events (𝑡 = −28.06, df = 1192, 𝑝 < 2.86 · 10−7
) and firehose events
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Figure 3.3: The distribution of within-event relative times of items: tweets for events on elite Twitter,

and speaker turns for events on the radio. The average piece of discussion occurs earlier on Twitter than

radio, and the average event winds down faster. Both effects are significant at the 5𝜎 level, the difference in

means by two-sided independent-samples 𝑡-tests as shown in the text boxes, and the difference in standard

deviations (not shown) by two-sided bootstrap tests.

excluding 2020 Covid-related events (𝑡 = −5.26, df = 463, 𝑝 < 2.86 · 10−7
) than radio events. All tests

are two-sided independent-samples 𝑡-tests. Results are similar if broken down by year; see Section A.2 and

Table A.2 in the appendix for more details.

For elite Twitter and radio, we show the distributions of within-event relative times at the item level in

the leftmost pane of Figure 3.3. (See below for the other two panes.) There are clear and large differences

in both mean and SD between Twitter and radio, both of which are statistically significant at the 5𝜎

level (𝑝 < 2.86 · 10−7
). We use a two-sided independent-samples 𝑡-test for the difference in means and a

two-sided bootstrap test for the difference in SDs.

In addition to the breakdowns by year above, we conduct several additional robustness checks (as

discussed in Section 3.4): matching events across media for a paired comparison, breaking results down by

ideological affiliation, and examining an additional set of manually detected events identified by keywords.

An example manually detected event, Bernie Sanders’s withdrawal from the 2020 presidential race, is

shown in Figure 3.1. These checks, on different subsets and even with different event-detection methods,

reinforce the conclusions of the main analysis: Discussion of the typical event on Twitter both rises to its

peak and falls off much faster than on the radio.

3.5.2 Event Matching

Our first robustness check is to examine the 38 matched triples of (elite, radio, firehose) events, totaling 114

events. Results on these events are quite similar to those on the broader corpus. This time using two-sided

paired 𝑡-tests, average within-event times are once again significantly lower for elite Twitter (𝑡 = −6.80,

df = 37, 𝑝 < 2.86 · 10−7
) and firehose events (𝑡 = −3.54, df = 29, 𝑝 = 0.001) than for radio events, as

are SDs for elite (𝑡 = −7.37, df = 37, 𝑝 < 2.86 · 10−7
) and firehose (𝑡 = −2.33, df = 29, 𝑝 = 0.027)

Twitter. Comparisons to the firehose exclude triples whose firehose member is a 2020 Covid-related event.
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Figure 3.4: The average empirical CDF and PDF of keyword mentions of the 10 manually detected events.

For each event in each corpus, we find the time after event occurrence of each mention, compute the

empirical CDF at 15-minute resolution and average the CDFs over the 10 events. The PDF is obtained by a

central difference estimate of the derivative of the CDF. Only mentions occurring within 48 hours of the

event are shown, and we count each mention rather than each piece of content. Note the clear pattern

of a spike of early elite-Twitter discussion, with the firehose lagging a bit behind, rapidly decaying into a

period of more discussion on the radio than in either segment of Twitter.

The empirical CDFs, presented in Section A.3 and Figure A.3 in the appendix, similarly show elite Twitter

discussion rising and falling faster than radio, with firehose discussion in between.

3.5.3 Manually Detected Events

Results for manually detected events are quite similar to those found with the newsLens-detected events.

Figure 3.4 summarizes the time courses of the events, and shows that as in Figure 3.2, elite Twitter discussion

both rises and falls fastest, followed by the firehose, with radio responding slowest. We also examined relative-

time means and SDs. To avoid drift in the real-world events associated with our keywords, only mentions

within 4 days of event start are considered. In 9 of 10 cases, except for Purdue Pharma’s bankruptcy,

Twitter discussion has a lower average relative time than radio discussion. Over all 10 events, the average

within-event time of an elite Twitter mention is 65,133 seconds, vs 100,065 for radio, a difference of 53.6%.

The SDs show a similar pattern, with 8 of 10 larger for radio than for Twitter. The average of the event-level

SDs of Twitter events’ relative times is 83,412 seconds, while on radio the analogous figure is 92,063 seconds,

a 10.4% difference.

Finally, we looked by hand for newsLens events which matched manually detected events. Because

news stories can be large and complicated, with many degrees of freedom in dividing them up, not all

manually detected events could be matched to newsLens events. We were able to identify three events,
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however, in both Twitter and radio. John Bolton’s firing as National Security Advisor, the announcement

of the 2019 Trump impeachment inquiry, and Elizabeth Warren’s withdrawal from the 2020 presidential

race all showed similar patterns through keyword counts to what we found by automatic detection:

discussion on Twitter rising sooner and falling faster than on the radio.

3.5.4 Ideological Differences

We also examined whether event lifecycles differ between the liberal and conservative sides of Twitter and

radio. Ideology is one of the most important organizing principles of both radio
200

and political Twitter,
252

and differences in event dynamics would point to differences between the ideological sides in how the two

media are organized. As discussed in Section 3.4.5, we perform this analysis only for elite Twitter and radio

because of the difficulty of drawing ideological inferences for firehose users.

The results are summarized (at the item level) in the rightmost two panes of Figure 3.3. For both liberals

and conservatives, Twitter discussion tends to be shorter and finish faster than on radio. Both effects

for both ideological groups are statistically significant at the 5𝜎 level (𝑝 < 2.86 · 10−7
), but are slightly

stronger for liberals than conservatives, perhaps reflecting a greater role for Twitter in liberal discourse.

The empirical CDFs (shown in Section A.4 in the appendix) tell a similar story to the elite and radio

curves in Figure 3.2, with Twitter discussion rising and falling faster than on the radio for both liberals and

conservatives, and for all three years.

Results are also similar if the manually detected events are broken down by ideology. Of the 20 liberal

or conservative sub-events, 18 have a higher average within-event time for radio than for Twitter, and most

also have a higher SD of within-event times on the radio side than on Twitter.

3.5.5 Affect Levels

Turning from events’ lifecycles to their affective content, we next aim to test whether affect differs between

Twitter and radio. We examine three affect metrics: negativity, emotionality and outrage. Our analysis

includes the 2020 Covid-related firehose events; results are similar if they are excluded.

Results are shown in Figure 3.5, averaging item-level scores up to the event level. Results at the item

level are similar, as shown in the appendix Section A.5 and Figure A.6. We find large differences on all three

affect measures, always in the same direction: Firehose Twitter is most negative, emotional and outraged,

while radio is least, and elite Twitter is in between. All inter-corpus differences are statistically significant

at the 5𝜎 level (𝑝 < 2.86 · 10−7
) by two-sided Mann-Whitney U-tests.

3.5.6 Affect Dynamics

We also find strong, consistent and statistically significant differences between media in the evolution of

affect over an event’s lifecycle. This analysis again includes the 2020 Covid-related firehose events, and the

results are again similar if they are excluded. (For an illustration of this point, see the lower left pane of

Figure 3.6.) We test for linear time trends, and especially inter-corpus differences in these trends, for all
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three affect metrics, but focus our discussion especially on negativity and outrage, which are of greater

theoretical interest.
206

“Emotional,” which can also involve positive emotions, is not closely correlated

with the other two scores: Item-level emotionality has a 0.364 correlation with outrage and 0.260 with

negativity, while the correlation between outrage and negativity is 0.729.

Figure 3.5: Event-level average scores for our three

affect metrics. The underlying item-level scores are

probabilities, and range from 0 to 1. 95% confidence

intervals are shown. All inter-corpus differences are

significant at the 5𝜎 level (𝑝 < 2.86× 10−7
) by two-

sided Mann-Whitney U-tests.

Figure 3.6 shows average negativity and outrage

levels over time, revealing substantial differences be-

tween our corpora, and between radio and Twitter.

Notably, there is one clear commonality across the

three datasets: A few very long-lasting events are

especially outraged. Out of 1,694 events, 51 persist

past 24 hours on elite Twitter or 48 hours in the

other two corpora, and content after this point is

17% more negative and 27% more outraged than

earlier content.

Results of the logistic regression models de-

scribed in Section 3.4.7 are shown in Table 3.3.

All six of the single-corpus models for negativ-

ity and outrage have statistically significant linear

time trends at the Bonferroni-corrected 5𝜎 level

(𝑝 < 3.18 · 10−8
), using both here and below the

usual two-sided 𝑡-tests of the parameters. The signs,

however, differ between radio and Twitter. Both

negative and outraged affect show declining trends

(negative coefficients) for elite and firehose Twitter,

and an increasing trend (positive coefficients) for

radio. Emotionality is similar in finding significant

declining trends for elite and firehose Twitter, but no significant trend — i.e., a stable level over time — on

the radio.

To test our main question of whether these effects are significantly different from each other, rather

than only from 0, we fit additional models. We took pairs of corpora (i.e., firehose/elite, elite/radio,

radio/firehose) and modeled item-level affect scores as a function of relative time, corpus and the interaction.

All of the interaction terms are significant at the Bonferroni-corrected 5𝜎 level, indicating significant

differences in event lifecycles between media.

But these patterns leave open an important question: Are the differences because of time trends within

individual events, or because of differences between media in how long different kinds of events last?

We tested this question with further regression analysis, fitting the same models as above but with event

fixed effects. Results are again shown in Table 3.3. If most variability is at the event level, with time trends

coming from differences correlated with outrage and negativity in how long events persist, we should

expect now not to find significant time trends or differences in time trends. And indeed we do not; neither
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Figure 3.6: Average levels of negativity and outrage over a news event’s lifecycle. We also show the number

of detected events which are active (i.e., contain tweets or radio speaker turns) at each point in the lifecycle.

These figure are calculated by dividing relative time into 200 equal-sized bins (i.e., half-percentiles), within

which we average negativity and outrage scores and count the number of active stories. There are notable

differences between all three corpora, but especially between radio and the two Twitter datasets. Note that,

for the firehose, the distribution of outrage and negativity is similar with and without 2020 Covid-related

events but the number of active stories falls off much more quickly without them.
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Affect F.E. Firehose Elite Radio

Emo.

N -0.153 (0.003, 𝑝 < 𝑝5𝜎) -0.160 (0.006, 𝑝 < 𝑝5𝜎) +0.009 (0.004, 𝑝 = 0.04)

Y -0.023 (0.026, 𝑝 = 0.37) +0.010 (0.015, 𝑝 = 0.51) +0.000 (0.015, 𝑝 = 0.99)

Neg.

N -0.071 (0.007, 𝑝 < 𝑝5𝜎) -0.113 (0.014, 𝑝 < 𝑝5𝜎) +0.074 (0.007, 𝑝 < 𝑝5𝜎)

Y +0.076 (0.054, 𝑝 = 0.16) -0.034 (0.025, 𝑝 = 0.16) -0.018 (0.030, 𝑝 = 0.55)

Out.

N -0.074 (0.006, 𝑝 < 𝑝5𝜎) -0.106 (0.012, 𝑝 < 𝑝5𝜎) +0.104 (0.006, 𝑝 < 𝑝5𝜎)

Y +0.051 (0.044, 𝑝 = 0.24) -0.073 (0.022, 𝑝 = 0.00) +0.006 (0.025, 𝑝 = 0.79)

(a) Linear main effects of relative time, with and without event fixed effects.

Affect F.E. Elite vs. Firehose Elite vs. Radio Radio vs. Firehose

Emo.

N -1.098 (0.055, 𝑝 < 𝑝5𝜎) +0.425 (0.020, 𝑝 < 𝑝5𝜎) +0.162 (0.012, 𝑝 < 𝑝5𝜎)

Y +0.104 (0.123, 𝑝 = 0.40) -0.026 (0.044, 𝑝 = 0.55) +0.021 (0.049, 𝑝 = 0.67)

Neg.

N -0.815 (0.112, 𝑝 < 𝑝5𝜎) +0.376 (0.035, 𝑝 < 𝑝5𝜎) +0.280 (0.023, 𝑝 < 𝑝5𝜎)

Y -0.350 (0.202, 𝑝 = 0.08) +0.069 (0.067, 𝑝 = 0.30) -0.121 (0.101, 𝑝 = 0.23)

Out.

N -0.761 (0.097, 𝑝 < 𝑝5𝜎) +0.393 (0.029, 𝑝 < 𝑝5𝜎) +0.369 (0.020, 𝑝 < 𝑝5𝜎)

Y -0.628 (0.180, 𝑝 = 0.00) +0.197 (0.065, 𝑝 = 0.00) -0.027 (0.082, 𝑝 = 0.74)

(b) Interaction effects of relative time and corpus from models fit on pooled pairs of corpora with relative time main

effects, a corpus dummy and the interaction effect. Dummies are for elite in the first column and radio in the other

two (i.e., the estimates are for the difference in time trend going from firehose to elite, from elite to radio, and from

firehose to radio).

Table 3.3: Results from regression models predicting affect (indicated in the first column of the tables

with “Emo” = emotional, “Neg” = negative, and “Out” = outraged). Coefficients are given first, with

standard errors and 𝑝-values after in parentheses. Models with event fixed effects are marked with ’F.E.’ =

Y and use standard errors clustered at the event level. Effects significant at the Bonferroni-corrected 5𝜎
level (𝑝 < 3.18 · 10−8

), under the usual two-sided 𝑡-tests of the parameters, are in bold and show 𝑝 < 𝑝5𝜎.

Relative time variables were centered and scaled prior to fitting. Coefficients and SEs are rounded to three

decimal places and p-values to two decimal places.

any within-event time trends nor any inter-corpus differences are significant at the Bonferroni-corrected

5𝜎 level after including event fixed effects, and usually have much smaller magnitudes. The observed

patterns in the distribution of affect, including the stability over time of emotionality on the radio, are

almost all due to differences (or the lack thereof) at the event level.

3.6 Discussion
We examined how news event lifecycles differ between two prominent communications media: Twitter

and talk radio. Leveraging large-scale, comprehensive data from both media, we find that Twitter has a

systematically shorter attention span than radio, with discussion of events not only beginning sooner
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but also decaying faster. These findings are robust, with similar results in all three years, among liberals

and conservatives, within pairs of events matched across media, and using an additional set of manually

identified events. Twitter is also much more negative, emotional and outraged than radio, with differences

both in the average levels of these affect variables and in their dynamics over time. Outrage and negativity

in particular are more fleeting on Twitter, with the differences in dynamics driven by differences at the

event level in how long more and less outraged events persist.

The scale and representativeness of the datasets leading to these conclusions are an important contribu-

tion of our analysis: Far from covering only one station, show, or Twitter account, we can take a systematic

look at a major broadcast medium and compare it to both elite and mass audiences on social media. Indeed,

including both sides of Twitter allows for a particularly stark demonstration of medium-specific effects: We

find that even among the general Twitter user base (i.e., the public rather than the press), news discussion

rises and falls faster than among professionals on the radio.

These differences are likely to be rooted in each medium’s affordances for discussion,
42

and especially

in how social media’s affordances differ from those of a broadcast environment.
12

The clearest example

we find of a tie to specific medium affordances is in the event-level origin of time trends in affect. Our

results show that radio and Twitter differ in how hospitable they are to different kinds of stories, leading

emotionality, negativity and outrage to be less persistent (but more intense) on Twitter and more persistent

(but less intense) on the radio.

The average levels of affect variables also suggest connections to platform design and affordances. We

find that the Twitter firehose is the most outraged, followed by elite Twitter and then by radio. In light of

recent findings
253

that elite incivility on Twitter may spread by a reinforcement process, driven by positive

feedback from the audience, our results support the idea that audience demand may be an important

factor in the higher level of outrage in elite Twitter than on the radio. The underlying affordance is then

that on Twitter, journalists and media personalities can get audience feedback easily and very rapidly, much

more so than for radio. We cannot, however, say for certain that these audience dynamics are responsible,

because of the lack of audience engagement data. It is, rather, a plausible hypothesis for future work.

Another valuable subject for future work is which (if any) useful intervening variables exist between

platform affordances and high-level discourse phenomena like sentiment. Differences in news cycle speed,

for example, may lead to more opinionated content in one medium than another (because opinion is

easier to produce rapidly than reporting or interviews), leading in turn to more outrage. We have not

explored such effects, including the difference between news and opinion, in part because of the difficulty

of operationalizing and measuring opinion in media which lack a clear editorial separation between it and

news. Doing so would, however, be a good subject for future work.

Despite connections to affordances, our findings also rebut a simplistic view of content as entirely

determined by properties of media. Firehose discussion of Covid in 2020 deviated sharply from the usual

patterns, reflecting the power of real-world events to make themselves felt. The medium may be the

message,
42

but not the only message. Determining more precisely how affordances influence both the

speed and sentiment of the news cycle is an important subject for future research, including in media

other than those we consider here.
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The recent sale of Twitter also makes this work timely. There are an increasing number of similar

platforms, based on real-time sharing of text posts, which gives us good reason to think the conclusions

may apply more broadly. And yet the reduced availability of Twitter data for research has also made it

harder to observe journalists’ interactions with each other on social media. Using data from when this

activity was last concentrated and readily observable, we can still provide a comprehensive investigation.

Overall, our results contribute substantial empirical evidence to the literature on news cycles and their

determinants, including the first systematic comparisons of Twitter and traditional media on their a) levels

of outrage and b) rates of decay of attention to news. The results also illustrate an important channel of

influence Twitter and its propensity for outrage may have on other media: framing and agenda-setting by

the simple expedient of being the first to speak.

Media’s ongoing shift toward digital formats provides a final reason these results matter. If journalism

and media continue to shift to online venues, the social media biases we find here may become more

influential. The fast forgetting and proclivity for outrage we find characterize Twitter may thus be not

only features of the present, but a preview of the future.
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Chapter 4

Treatment Effect Estimation via LLM:
Predicting Opinion Change

4.1 Introduction
We are interested in predicting response to persuasive messages and understanding the underlying persua-

sion process. This work builds on extensive theoretical development of the bases of opinion in political

science
10,39

and psychology,
9

and some empirical evaluation of the ease of predicting persuasion.
50

We

pursue this goal in the setting of randomized experiments because of the powerful identification guarantees

provided by the randomization. Concretely, this question cashes out in the problem of uplift modeling,
254

also called treatment effect estimation or heterogeneous treatment effect modeling: We want to determine

how much each experimental subject’s measured outcome changed as a result of the treatment.

Both determining these individual-level scores and evaluating the models that assign them is difficult,

because of what’s known as the fundamental problem of causal inference: Counterfactual outcomes, by

definition, are not observable. Except in a simulation study, we cannot simply both treat and not treat

every experimental subject and then calculate the treatment effect as the difference. Instead, we need to

take advantage of the treatment and control groups, which are comparable in expectation by virtue of

random assignment.

A number of methods have been developed for doing so (see Section 4.3 and Section 4.5.2), but

these methods, diverse though they are, share a common shortcoming: They estimate the individual-level

effects de novo for each experiment, rather than take advantage of pretraining. The rise of large pretrained

language models, or LLMs, in the last few years suggests the intriguing possibility of improving on these

methods. These LLMs have acquired substantial knowledge of the world and people from their pre-

(and post-)training, which we may be able to use for more statistically efficient estimation of individual

treatment effects.

Methods able to do so would have obvious practical applications, allowing more efficient targeting

of interventions in fields from marketing to political communications to medicine. Pilot studies used to

target these interventions could become smaller, or even be skipped entirely. But practical applications are
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not the only reason to be interested in such methods: They also have substantial theoretical interest for

social science. Persuasion and opinion change are complicated, contextual, and difficult to study among

people,
50

with the field held back both by the inherent complexity of the phenomenon but also by the

difficulty of iterating on new theories. Demonstrating that LLMs can be a useful proxy for humans in

this domain would be helpful, allowing hypothesis develoment and refinement through an analog of the

animal studies used in medicine. It is exactly methods able to do this that we aim to develop in this chapter.

4.2 Related Work

4.2.1 Public Opinion

Philosophical views of public opinion or related concepts, like Rousseau’s “general will,”
255

have a long

history. Scientific study of public opinion in the modern sense, however, began with the pioneering

work of George Gallup in the 1930s,
109

building on the theoretical work of Lippmann
86

and Dewey.
87

Over the years, the field’s conceptions of what opinion consists of have evolved from the early view of

crystallized “true attitudes”
9

to theories like those of Converse that stress most people’s lack of a coherent

ideology.
10

Zaller
39

elaborated on these theories in a particularly influential way, developing a “receive-

accept-sample” model of opinion that posits people receive external opinions, accept some according to

their prior opinions and latent predispositions, and then randomly sample from those they’ve accepted

when an opinion is needed.

Zaller’s view of opinion places a particular emphasis on media effects, as a source of both opinions

(“considerations” in his terminology) and cues about the salience of various considerations. He was not

the first to emphasize media effects, however, with an appreciation of the role of the media going all the

way back to Lippmann
86

and demonstrated in much empirical research over the years.
2,3

This view of the

influence of the media motivates earlier chapters’ interest in news cycle dynamics and how they may be

changing, and provides an answer to the question of why media matters.

Another line of work on public opinion has considered the nature of persuasion and opinion change.

From the beginning of modern public opinion research there have been critiques that its paradigm

fails to consider the complex, socially situated, contextual nature of opinion,
8

and especially the process

of inter-personal influence in forming and changing opinions.
5

In addition to research in disciplines

like psychology,
9

political science has considered opinion change in the context of polarization
16,24,191

and in practical survey research.
256,257

The rubber meets the road in a large literature on message testing

experiments,
258

which attempt to explore how attitudes shift in response to new information or frames.

Our work on language models as models of persuasion response fits most directly into this latter literature,

helping predict responses to these experiments and elucidate why and how opinion change occurs.
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4.2.2 Language Models

Language models have recently demonstrated enormous improvements in their capabilities at a diverse set

of tasks,
32,33

including especially the advent of consumer-facing general-purpose chatbots like ChatGPT.

These advances have been powered mainly by increased scale of both models
27

and training datasets.
28,29

In what Sutton
259

called the “bitter lesson,” a simple architecture at large scale will tend to outperform a

more complex but less powerful approach.

The new large language models (LLMs), based on a deep learning approach,
120

typically use the trans-

former architecture.
135

They are trained with a masked
138

or more commonly autoregressive
260

objective,

with autoregressive models usually preferred for the ease of sampling from them. In keeping with the

“bitter lesson,” though, the transformer architecture is not essential to making such models work: Large

RNN language models
261

have also recently become available.

In addition to the importance of scale, these models are based on certain other fundamental ideas. An

essential one is the distributional hypothesis, epitomized in J.R. Firth’s saying that one “shall know a word

by the company it keeps.”
262

Structure, in other words, is inferred from co-occurrence. (Indeed, the same

general idea occurs even beyond language models, as in vision-language architectures like CLIP
263

which

learn from the co-occurrence of images and captions.) The representations that are inferred distributionally

are themselves distributed,
129

spread across the model weights rather than having concepts localized clearly

as in a knowledge graph or expert system. Finally, the pretraining and fine-tuning paradigm
264

based on

the notion of transfer learning is the dominant way LLMs are trained and used. A “foundation” model
30

learns from a large corpus of content in its pretraining phase, and then is adapted by fine-tuning (further

training) to a specific task, or is simply used without further tuning, often by representing other tasks as a

text-to-text or sequence completion problem.
31

Language models have also been used in public opinion-related settings, such as in attempts to extract

measures of opinion from social media,
22,175,176

though this problem is challenging.
177,178

Finally, an exciting

new direction is using LLMs to simulate respondents to public opinion surveys. Several recent studies

have taken this approach,
34,71

part of a broader push to explore generative AI’s potential in social science.
37

Our work in this dissertation, while not developing generative agents, falls into a similar paradigm of

representing survey-related behavior with LMs.

4.2.3 Experiments and Treatment Effect Estimation

Causal inference has a long history as a research area in statistics. There are two common paradigms:

the causal-graph approach pioneered by Pearl
265

and the potential-outcomes framework of Neyman

and Rubin,
266,267

building on work by Fisher.
268

Randomized experiments typically employ the latter

framework, as we do in this dissertation. The essential idea in an experimental setting is that using exoge-

nous randomization to assign treatment, so that assignment is independent of pre-treatment covariates,

identifies the average treatment effect (ATE).
269

For our purposes, identification, a fundamental notion in

statistical inference, means that the effect could in theory be determined exactly with an infinite amount
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of data. (More technically, the statistical model’s map between parameter values and observed probability

distributions should be one-to-one.) A more technical condition about non-interference between experi-

mental subjects, known as SUTVA for the “stable unit treatment value assumption,”
100

is also commonly

employed, though there are methods for dealing with violations of it.
65,102

We are interested, however, in methods for estimating not average effects but heterogeneity in effects.

This question is of obvious practical interest (e.g., figuring out which patients will benefit most from

a drug), and has been approached in many ways over the years. Classically, researchers have estimated

conditional ATEs within subgroups
266

defined by variables of interest like demographics, and blocking by

such variables can improve power.
268

More recently, there has been work on estimating individual-level

treatment effects.
270–272

These are never directly observable, except in simulation studies, but the methods

can be evaluated over entire experiments with multiple treatment arms.
254,273

The task of estimating these

individual-level treatment effects, as mentioned above, has a variety of names in different fields: treatment-

effect estimation (TEE), or heterogeneous treatment effect (HTE) modeling, or uplift modeling. Our work

in this dissertation fits into this latter literature, exploring the value of scale and pretraining in estimating

such effects.

4.3 Problem Formulation
We can formally characterize the problem of interest with the Neyman-Rubin potential outcomes frame-

work.
266,267

We will go through only the basics here; for more information on experimental design, an

enormous and rich subject, consult a good textbook like that of Hinkelmann & Kempthorne.
274

Consider a randomized experiment or randomized controlled trial (RCT) with𝑁 subjects and a binary

treatment, so that each subject is in exactly one of the treatment and control groups. The experimental

design can in general be more complicated than this: There can be more than two treatment levels, they can

be assigned factorially or in other blocking designs even as far as a conjoint experiment, treatment levels can

be ordinal or continuous (that is, we can ask “how much” treatment each subject got), and so on. To keep

the analysis here tractable, however, we consider only simple binary treatments. Treatment is then assigned

randomly according to some assignment mechanism which is independent of the outcomes; in the simplest

case, treatment is i.i.d. Bernoulli with equal-sized groups in expectation: 𝑇𝑖
iid∼ Ber(1

2
). The assignment

mechanism can also be more complicated, as with unequal group sizes, complete randomization, stratified

assignment and so on. Unlike with the assumption of binary treatment, however, we do not need to specify

a particular mechanism; anything satisfying the “stable unit treatment value assumption” (SUTVA)
275,276

of non-interference between units will do.

In the Neyman-Rubin model, each of the 𝑁 subjects in this case is has two potential outcomes, denoted

𝑌𝑖(1) and 𝑌𝑖(0), for 𝑖 ∈ {1, ..., 𝑁}, which specify the results if subject 𝑖 respectively is or is not treated.

The observed outcome, which is the potential outcome under the actual treatment assignment, is denoted

𝑌𝑖 ≜ 𝑌𝑖(𝑇𝑖). Except in simulation studies, of course, we cannot simply observe both potential outcomes

for all subjects. More sophisticated statistical methods are thus required to estimate the effects of the
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treatment.

Nevertheless various quantities of interest are identified: Even if difficult to estimate, they admit

estimators which, in the limit of infinite data, converge in probability to the true values. In particular,

this setup identifies the quantity typically of interest in an RCT, the average treatment effect (ATE)

𝜏 = E[𝑌 (1)− 𝑌 (0)], and lets us estimate it with the usual difference-in-means estimator

𝜏𝐷𝑀 =
1

|𝑆1|
∑︁
𝑖∈𝑆1

𝑌𝑖(1)−
1

|𝑆0|
∑︁
𝑖∈𝑆0

𝑌𝑖(0), (4.1)

where 𝑆𝑗 = {𝑖 : 𝑇𝑖 = 𝑗} for 𝑖 = 0, 1.

There are some subtleties here worth bearing in mind: Different formulations of the Rubin causal

model differ in the details of what is fixed and what is random. Potential outcomes are typically taken

to be fixed but (partially) unknown, with randomness coming from the treatment assignment. Unless

one is conditioning on the observed experimental population, the set of subjects is also often taken to

be randomly sampled from a larger “superpopulation” of potential subjects, with this latter source of

randomness allowing us to discuss such quantities as the expected value of the ATE.

We are interested, however, not in the well-explored average treatment effect but in conditional

treatment effects that depend on properties of each subject. Let each subject 𝑖 have a set of covariates

𝑋
(𝑗)
𝑖 indexed by 𝑗 = 1, ..., 𝐷 where there are 𝐷 covariates in total, arranged in the same way for each

subject into vectors 𝑋𝑖. A simple and common way to approach this question of conditional treatment

effects is to condition on certain values of the covariates, letting us ask questions about subgroup effects or

conditional ATEs of the form

𝜏𝑗:𝑐 = E[𝑌 (1)− 𝑌 (0)|𝑋(𝑗) = 𝑐], (4.2)

where the expectation is conditioned on a categorical variable taking a particular level (or in general, the

intersection of multiple such events). Statistical analysis of experiments often asks about quantities of this

form, which include questions like how well a drug works for women specifically, rather than all people,

and whether voter contact is more effective at driving turnout among those who voted in the previous

election. There is a natural and well-behaved estimator as well: Simply restrict the sample to those subjects

with the appropriate values for the variables, and estimate the ATE among them.

But this formulation is less general than we’d like. It works only for categorical covariates, and the

variables and subgroups must be specified in advance. A more general quantity, which we’d like to estimate,

is the individual-level treatment effect 𝜏𝑖 = E[𝑌𝑖(1)− 𝑌𝑖(0)]. Regrettably, this quantity is identified only

under strong assumptions
270

which don’t hold in general. We can, however, identify a closely related

function, a generalization of the subgroup effects above that Künzel et al. call the CATE function:
270

𝜏(𝑥) = E[𝑌 (1)− 𝑌 (0)|𝑋 = 𝑥] (4.3)

which conditions on the vector of covariates in general, not just a small number of discrete subgroups. The
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(a) Text2Text.

(b) Persona / Inference-Time Compute.

(c) Representational Regression (RepReg).

Figure 4.1: Explanatory diagrams for our LLM-based treatment effect estimation methods.

best estimator of the CATE function (in the sense of minimizing mean squared error) can also, happily,

be shown to be the best estimator by MSE of the individual treatment effect. Only mild assumptions are

needed for identification here, namely the usual observational causal-inference assumptions of conditional

ignorability and overlap. See the full derivation in Künzel et al. 270
for more details.

There are a number of methods in the literature to estimate 𝜏(𝑥), some of which we discuss as baselines

below. We’ll next outline our methods for estimating this quantity, present the baselines, evaluation metrics

and datasets, and discuss results.

4.4 Methods
This section presents several methods we have developed and evaluated (see below) for this task. The

methods are summarized visually in Figure 4.1.
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4.4.1 Approach 1: Text2Text

Our first approach (diagrammed in Figure 4.1a) has a language model perform entirely zero-shot inference

about the probabilities of experimental subjects (persons) having particular outcomes. We represent each

subject as a prompt, which

1. Describes the situation (a survey is being taken);

2. States the characteristics, from input data, of the person taking the survey (demographics, etc);

3. Gives the survey text, with different versions for treatment and control conditions;

4. Finally, asks the opinion question the real human respondents faced.

For each subject, we feed the treatment and control versions of this prompt into a language model and

calculate the probability of each answer choice (as the next token) for each condition. For answers on a

Likert scale,
*

as our evaluation datasets generally are, the predicted treatment effect is simply the expected

change in the answer from treatment to control. That is, if the answer choices are integers from 𝑚 to 𝑛,

we estimate 𝜏𝑖 = E[𝑌𝑖(1)− 𝑌𝑖(0)] as

𝜏
(exp)
𝑖 =

𝑛∑︁
𝑗=𝑚

𝑗 · (P𝐿𝑀(𝑌𝑖(1) = 𝑗)− P𝐿𝑀(𝑌𝑖(0) = 𝑗)) (4.4)

where P𝐿𝑀 is the distribution over answers from a language model prompted as described above. The

distribution depends on the subject 𝑖 and the treatment condition, but we’ve omitted both from the

notation for simplicity. Note that we do not fine-tune the input LM in any way; evaluation is entirely

zero-shot. This approach can also be cast as a variant or relative of the T-learner meta-algorithm from

Künzel et al.. 270

4.4.2 Approach 2: Persona / Inference-Time Compute Scaling

Our second treatment-effect estimation approach builds on the text2text method by applying more

compute at inference time. This approach fits into the same paradigm as much recent work on inference-

time compute and the performance improvements available from scaling it. Techniques vary – from

chain-of-thought prompting
277

to RL-driven reasoning methods
278,279

and others – but it often helps.
280

In our case, rather than simply asking for the LM’s probability distribution over possible answers, we

prompt
†

the model to first a) work up a paragraph-length persona for the person who took the survey,

based on the provided demographic characteristics, and then b) reason through how such a person would

think about the question. The prompt specifies that the model should not answer the question before

*
The outcome scales used in survey questions normally are, or for our purposes are equivalent to, Likert scales. See

Section 4.4.4.

†
Generation in both this chapter and the persona experiments of Chapter 5 uses beam search multinomial sampling with 5

beams, sampling temperature of 0.5, and a maximum of 512 new tokens.
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doing this, so that more compute is applied, and then to output an answer marker "=>" before the answer.

(In the occasional case where this marker is not output before the end-of-text token, we manually add it at

the end of the generation.) The final step is to run the generation output again through the forward pass

and obtain the distribution over answers, as in the text2text approach, but conditioned now on both the

survey text and the generated persona and reasoning. We discuss the changes to prompts with examples in

Section B.1.

4.4.3 Approach 3: Representational Regression (RepReg)

Our third approach to estimating treatment effects (depicted in Figure 4.1c) uses the LM as a feature

preprocessor or “subject encoder.” We take the same zero-shot prompt as used for the text2text approach

above and obtain from the LM some representation of it, with our experiments evaluating both

3(a) The mean-pooled last hidden states, and

3(b) The vector of probabilities assigned by the LM over the answers.

These vector representations, one per subject or (treatment, subject) pair for counterfactual prediction

tasks, are then fed into the same baseline prediction methods discussed in Section 4.5.2. As this method,

unlike the others, requires training data, we employ three-fold cross-validation to generate an out-of-fold

prediction for each subject, training three times on 2/3 of the data and predicting to the other third. (The

splits used are the same ones as for the baselines.)

At first glance, it may seem odd to think that this method could improve performance: We’re simply

taking the same predictor variables being given to the baselines, combining them with a script that’s

constant for all subjects, and generating vector representations. The hope, however, is that it can achieve

greater statistical efficiency: By relying on the LM’s pretrained world knowledge, we may be able to get

better representations than a simple vector of predictors, and achieve better performance for the same

amount of experimental training data (or, equivalently, the same level of performance with less data).

Note also that 3(b) is effectively a bet on miscalibration: If it works better than the text2text approach that

simply computes the expectation, it implies the probabilities contain useful signal but are systematically

skewed or miscalibrated in some easily correctable way.
281

4.4.4 Adaptability to Various Outcome Scales

The outcome measures in our evaluation datasets are on Likert scales, which figures into the design of the

approaches discussed above. In general, of course, there will be other kinds of outcomes we might wish to

model. Our approaches are adaptable to a number of other such settings.

We’ll consider the text2text and persona-based cases first, where our choices are constrained by the fact

that language models generate (distributions over) discrete tokens:

Binary outcomes Choices between two outcomes, especially yes/no questions, are common in public

opinion research and for our purposes are a special case of the Likert scale. The same expected-value
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method of generating a prediction applies. If there is not a natural ordering of the two answer choices,

we can pick one arbitrarily and (up to a change of sign) obtain a scalar prediction of the treatment

effect.

Categorical outcomes Handling a categorical set of answer choices, without an ordering over them, is

more difficult. In general, however, we can always reduce it in a one-vs-rest fashion to binary outcomes

and apply the same techniques outlined above. The structure of any particular set of answer choices

may also allow other options.

Continuous outcomes People do not generally come up with and recite arbitrary real-valued numbers

in response to a survey question. Certain question formats do come close to eliciting continuous

responses, such as feeling thermometers
44

or questions about the respondent’s income. These can be

handled in different ways; answers to income questions in surveys are commonly binned, while feeling

thermometer questions have few enough answer choices to be able to handle them using the same

techniques as for Likert scales.

Notably, because of LMs’ tokenized outputs, none of these cases have a role for common regression or

classification methods: The language model itself fills that role by predicting probabilities of outcome

classes, from which we need to derive a scalar score.

For what we’ve called representational regression, however, there is more freedom in how to generate

predicted treatment effects, including not only regression but also classification models where appropriate.

For Likert-scale data, a rigorous and statistically motivated, but complicated, approach is to use an ordered

logit model
282

to predict the response as a function of covariates. We adopt instead a commonly used

approximation
283

which treats the Likert outcomes as ordinal data, and uses a regression model (linear

regression or a random forest regressor, depending on the experiment). For our purposes, this approach

has the advantage of simplicity: It directly predicts the sort of single scalar outcome we need for an estimate

of treatment response.

4.5 Experiment Setup

4.5.1 Evaluation Metrics

Evaluating HTE models suffers from the same fundamental problem as building them: We can’t observe

counterfactual outcomes. A number of evaluation metrics have been used or proposed to get around this

problem.
273

These metrics generally rely on the same basic insight: While we can’t observe counterfactual

potential outcomes, for any subset of the experiment containing both treatment groups, we can observe

and compare both a) the means of the predicted individual-level effects and b) the conditional ATE. We’ll

discuss a few of these metrics here and highlight the one used in results below.

The simplest, oldest and most interpretable metric finds 𝑛-tiles of the predicted treatment effect, and

then computes the conditional ATE (CATE) within each 𝑛-tile. A model producing accurate predictions
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of individual treatment effect will feature CATEs increasing in 𝑛, so that (for example) the lowest tercile

has a lower CATE than the middle tercile which in turn features less treatment effect than the top tercile.

While this metric is easy to implement and understand, it has a number of drawbacks: It loses information,

the within-bin CATEs have high variance, the choice of 𝑛 is arbitrary, and perhaps most of all it does not

provide an optimizable scalar score.

A more modern and useful methodology is the so-called uplift curve, computed by 1) sorting the

experimental subjects in descending order according to their predicted treatment effect, and 2) at each

subject index 𝑖, computing the conditional ATE among subjects 𝑗 ≤ 𝑖 (i.e., 𝑖 and those predicted to

be more responsive than 𝑖). Each such conditional ATE is called an “uplift,” especially in the marketing

literature. The 0-th uplift, for subject index 0, is defined to be 0, and the uplift value for the last subject is

equal to the overall ATE. The area between this uplift curve and the theoretical random baseline is called

the area under the uplift curve, or AUUC. It provides a scalar score useful for comparing models.

The uplift curve, and thus also the area under it, are also frequently normalized in various ways. A

common variant is the “gain curve,” which multiplies each CATE by 𝑖 to get the cumulative ‘gain’ at

each subject, and divides by the total gain to make the curve independent of the size of the treatment

arms. Our evaluation employs a closely related and commonly used variant of the uplift curve called the

Qini curve,
254

which computes the cumulative gain slightly differently. Instead of computing CATEs

at each subject 𝑖, we compute the sum of the treatment outcome up to 𝑖, and subtract the sum of the

control outcome up to 𝑖. The control outcome is weighted by the treatment:control size ratio up to subject

𝑖, so that we estimate the gain as the treatment outcome minus the control-based estimate of what the

treatment outcome would have been. This curve is also normalized by dividing it by the cumulative gain,

measured as the gain at the last subject. Examples of Qini curves are shown in Figure 4.2.

The Qini curve, which is normalized to start at 0 and end at±1, can be thought of as an analogy to

the ROC curve for binary classifiers. (The curve ends at +1 if the ATE has a positive sign and−1 if the

ATE has a negative sign.) The corresponding summary statistic is the area between this curve and the

random baseline, known as the Qini coefficient; if the ATE is negative, the random baseline will also slope

downward to−1. As the name might suggest, this statistic also has connections to the better-known Gini

coefficient.
254

. As with the ROC curve, if the predictions are worse than random, the Qini curve will lie

below the random baseline; if they’re bad enough, the coefficient (as the integral of the difference between

the curves) can be negative.

The analogy to the ROC curve and AUC statistic carries through in another way: For a given dataset,

we can’t tell upfront what the best possible performance is, just as the Bayes error rate on a classification

problem is generally unobservable. Doing so would require having a perfect uplift model already, which

assumes the can opener we want to find.

A notable difference from classification metrics, however, is that while it has an unobservable maxi-

mum for any given experiment, the Qini coefficient over experiments is not even theoretically bounded,

either above or below. With an unbounded, continuous outcome variable, a sufficiently pathological

distribution of individual-level treatment effects can make it arbitrarily large (or, if the model performs

very poorly, arbitrarily negative). Large Qini coefficients require negative true individual-level treatment
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Figure 4.2: Examples of Qini curves demonstrating better-than-random, worse-than-random, and ap-

proximately random performance. The curves shown here are generated from the out-of-fold predictions

of 3-fold cross-validation on the ensemble baseline discussed in Section 4.5.2.

effects (backlash, in a persuasion setting): a polarized experiment, with highly responsive and highly

anti-responsive groups.
254

Finally, when our results require examining average HTE prediction performance across multiple

experiments, we will often need to average Qini curves together, whether for display or to calculate the

Qini coefficient of the average curve. This is not straightforward for two reasons: The curves will have

different numbers of sample points, with the different numbers of subjects in each experiment, and they

may end at different values. In particular, despite the normalization described just above, the curve will

end at +1 if the ATE has a positive sign and−1 if the ATE has a negative sign. When averaging Qini

curves, we deal with these problems in the following way: First, if the ATE has a negative sign, we swap the

treatment labels (0 => 1, 1 => 0) and multiply the HTE predictions by−1. This ensures that the ATE has

a positive sign and the Qini curve ends at a y-value of +1, without changing the area between the curve

and the random baseline (which, if the ATE is negative, would also slope downward toward−1). Second,

to complete the averaging process, we linearly interpolate each curve to a common set of query points (in

our case, the integers from 0 to 100 to get percentiles). The curves can then be averaged pointwise to get a

single curve representing average performance.

4.5.2 Baselines

We evaluate against a suite of strong baselines from the existing literature:

• The T-, S-, and X-learners from the meta-learner framework of Künzel et al.,270
each fit twice with a

random forest
284

and a linear model as the base function approximator.

• Causal random forests.
272

• The recent neural model of Shi et al.,271
known as DragonNet or CEVAE.
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To provide the strongest possible baseline (and to simplify evaluation) we primarily compare our results

to the ensemble average of predictions from these methods. We generate a prediction for each subject in

each experiment by using three-fold cross-validation: Each baseline is trained three times, on 2/3 of the

experiment’s data, and the out-of-fold predictions for the other third are stored. The splits used for each

experimental dataset are the same for all baselines (and for the representational-regression methods of

Section 4.4.3). Performance of both the baselines and our models are discussed beginning in Section 4.6

below.

4.5.3 Models

We evaluate all of these approaches with a number of specific language models. Most of our results come

from three local LMs via the HuggingFace transformers library,
285

namely Meta’s Llama3-8B and Llama3-

8B-instruct models
286,287

and the OpenRLHF project’s RLHF finetune of the instruct variant.
288

Having

all three of these models both ensures robustness of the results and lets us evaluate the effect of instruction

and preference tuning as compared to a base model. For budget reasons, we do not evaluate the persona

method with all of the local models, but rather only with the Llama3-8B-instruct model. Some of our

experiments also use two other sets of models, especially to evaluate scaling behavior:

OpenAI We use OpenAI’s gpt-4o-mini-2024-07-18‡ to run many of the same experiments as

with the local models. This model is part of the GPT-4o family of models that build on and update

GPT-4
289

and GPT-3
27

. For representational regression with hidden states, however, because the

GPT-4o series does not offer embeddings, we use OpenAI’s text-embedding-3-large model

instead.
§

Pythia The scaling experiments discussed in Section 4.10.1 use the Pythia “scaling suite,”
290

a line of

models from 14M parameters up to 12B, to examine how ATE and HTE prediction performance vary

with model scale.

4.5.4 Datasets

We evaluate on a variety of datasets representing survey experiments. Many of our experiments are drawn

from the Time-Sharing Experiments for the Social Sciences project,
¶

an NSF-funded collaborative survey

program that allows academics to run randomized survey experiments. The experiments cover a range

of subject matter areas (from international trade to racism to public health), field times (from the early

2000s to recent years) and sizes (from several hundred to tens of thousands of subjects). In total, we have

28 experiments from 18 studies, comprising 58,144 participants in total.
∥

We summarize these datasets in

Table 4.1, and provide more details about them and the original source publications in Section B.1.

‡
https://openai.com/index/gpt-4o-mini-advancing-cost-efficient-intelligence/

§
https://platform.openai.com/docs/guides/embeddings

¶
https://www.tessexperiments.org/

∥
This count of participants is not deduplicated across studies, because participants were anonymized.
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Dataset # Treat # Ctrl 𝑌 Range ATE Field Start Field Days

B. & T. (2024) 405 387 1 — 7 −0.44 2022-07-08 25
B. (2022) 973 993 0 — 1 +0.12 2021-07-29 15
C. & D. (2010) 365 384 1 — 7 +1.39 2009-12-01 1, 946
D. et al. (2022) - Dem. 731 701 0 — 100 −4.69 2022-01-14 18
D. et al. (2022) - P.H. 757 701 0 — 100 −2.11 2022-01-14 18
D. et al. (2022) - Rep. 728 701 0 — 100 +2.16 2022-01-14 18
F. & U. (2023) 998 1, 006 1 — 7 +0.11 2021-05-28 24
F. (2011) 405 385 1 — 5 −0.83 2011-11-30 7
G. & M. (2010) 764 244 1 — 4 +0.23 2010-01-07 14
G. (2024) 413 381 1 — 5 −0.20 2021-05-28 24
G. & B. (2024) - Q1 1, 010 1, 004 0 — 1 −0.02 2022-01-10 14
G. & B. (2024) - Q2 1, 009 1, 002 0 — 1 +0.01 2022-01-10 14
G. & B. (2024) - Q3 1, 009 1, 000 0 — 1 −0.09 2022-01-10 14
G. & B. (2024) - Q4 1, 007 1, 007 0 — 1 −0.12 2022-01-10 14
G. & B. (2024) - Q5 1, 011 1, 000 0 — 1 −0.02 2022-01-10 14
G. & B. (2024) - Q6 1, 004 994 0 — 1 −0.00 2022-01-10 14
G. & B. (2024) - Q7 1, 010 998 0 — 1 −0.06 2022-01-10 14
G. & B. (2024) - Q8 1, 008 999 0 — 1 −0.05 2022-01-10 14
H. (2006) - Orig. 628 950 0 — 1 +0.11 2003-06-01 60
H. (2006) - GfK 1, 046 1, 038 0 — 1 +0.09 – –

H. (2006) - MTurk 1, 480 1, 492 0 — 1 +0.12 – –

J. & B. (2016) - Orig 1, 017 1, 028 0 — 1 +0.12 2013-08-01 30
J. & B. (2016) - MTurk 7, 422 7, 503 0 — 1 +0.20 2013-08-01 30
K. & W. (2016) 481 932 1 — 5 −0.18 2013-09-06 17
L. (2018) 523 522 0 — 100 +1.66 2016-04-15 10
M. (2021) 326 342 1 — 4 +0.16 2017-10-05 17
S. (2023) 516 505 1 — 7 −0.59 2021-02-16 14
W. (2023) 1, 279 620 1 — 5 −0.00 2021-08-12 13

Table 4.1: Summary statistics of the experimental datasets used for analysis in Chapter 4 and Chapter 5.

The ATEs shown are simple unweighted differences in means. Y values are all discrete and consist of the

integers between the minimum and maximum values shown. The very long field period shown for the

Chong & Druckman dataset
291

reflects our pooling together of an original and replication study conducted

in separate years. The GfK and MTurk replications of Hiscox
292

have no field dates or durations shown

because the field dates are not given in Coppock.
48

References and repository IDs are in Table B.1 in the

appendix.
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These datasets directly test persuasion and opinion change in response to experimentally manipulated

messages, and cover a range of time periods with different political events on the agenda. They also pose a

difficult test for our approach: Because of the need to preserve respondent anonymity, each has only a

few demographic data points available about the respondents. Few of our datasets, in particular, have any

respondent-written text from open-ended questions.

4.6 Results: Heterogeneity Prediction
Our presentation of results starts with the main task of predicting individual-level treatment response,

where we observe substantial improvement on average over the ensemble baseline. Subsequent sections

also examine the closely related task of reproducing average treatment effects, scaling behavior, and some

fairness concerns.

Overall, our results in this section show that for treatment effect estimation, language models and

methods that incorporate them are at least competitive with, and often outperform, even an ensemble

of strong traditional baselines. The performance ceiling on any given dataset or group of datasets is

unknowable (see Section 4.5.1), but our results are at least quite good and would be practically useful in

treatment-targeting applications.

4.6.1 Average Performance

Broadly speaking, our results demonstrate high performance: Both zero-shot methods outperform an

ensemble of strong baselines that have access to experiment-specific training data, as shown in the top panes

of Figure 4.3. In one case (the text2text method), we get a 133% improvement in the model’s performance

over a random baseline (0.426/0.183 ∼ 2.33). The three representational-regression variants we test

also put up better-than-random performance, and one (using text2text answer probabilities as inputs)

outperforms the ensemble baseline as well.

Notably, however, these methods, which also have experiment-specific training data, do not do as well

as either zero-shot approach; this is also true when comparing zero-shot text2text to RepReg on text2text

probabilities and zero-shot persona to RepReg on persona probabilities. This strong performance from

the simple expected value under the LM distribution over answers, even when compared to a data-driven

recalibration with a second-stage model, implies that the language models we study are well-calibrated

under both treatment and control conditions. Another conclusion we can derive from Figure 4.3 relates

to the language modeling head: Note that the hidden-states RepReg method underperforms both zero-

shot methods, as well as the very same RepReg method with text2text probabilities used as inputs to

the second stage. Swapping out hidden states for LM-head probabilities and observing a substantial

performance increase suggests that the LM head itself contains a large amount of information relevant to

the treatment-effect estimation task.

We also observe a striking lack of improvement from inference-time compute scaling, indeed apparently

the opposite: The persona method, which in our setup spends up to 512 tokens thinking about the answer
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Figure 4.3: The overall average performance observed from models in our experiments, as compared to the

ensemble baseline and random scores. The top panes show both zero-shot (“ZS”) methods outperforming

the baseline on average, while the cross-validated (“CV”) RepReg methods most often underperform

despite their access to training data from each experiment. Very good performance from some RepReg

configurations (see Figure 4.4) suggests that this method is sensitive to the model and choice of second-stage

prediction algorithm. For each subfigure, the model Qini curves and corresponding coefficients shown are

computed as follows: for each dataset we find the ensemble-average prediction of all included models (for

RepReg, language models x second-stage prediction methods); we then standardize the Qini curves to end

at +1 (rather than−1 if the ATE is negative), interpolate the Qini curves for the different datasets (which

have different numbers of points) to a common set of X points, and average them pointwise, computing

and displaying the Qini coefficient of this doubly averaged curve. (See Section 4.5.1 for more information

on Qini curve averaging.)
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Figure 4.4: The best-performing configurations in our experiments, as compared to the ensemble baseline

and random scores. We observe high performance from both (left pane) use of the models’ text2text

probabilities over the answers as inputs to cross-validated causal random forests (CRFR), and from

(right pane) the Llama3 8B base model, zero-shot. The combination of these two (center pane), with

cross-validated CRFR on the base model’s probabilities, performs in between. Better performance from

RepReg on text2text probabilities than on hidden states, even with the same second-stage CRFR algorithm,

indicates that much relevant information is contained in the LM head. The curves shown here are calculated

in the same way as those shown in Figure 4.3 and as described in Section 4.5.1. (“CV” = cross-validated;

“ZS” = zero-shot.)

before providing it, underperforms the text2text method which generates answer probabilities immediately.

This same pattern is apparent in the RepReg variants, with persona probabilities performing worse as inputs

to a second stage model than text2text probabilities. (See Section 4.6.4 below for a likely explanation.)

4.6.2 Significance Tests

The unobservability of counterfactual outcomes and the complexity of the ranking-based uplift metrics

makes it difficult to develop closed-form statistical tests for whether an uplift model has detected a

statistically significant amount of heterogeneity. We instead approach this question with a Monte Carlo

(simulation-based) test, testing the null hypothesis that the model’s HTE predictions find no more

heterogeneity (conditioning on the actual treatment assignment) than randomly generated predictions

would, against the alternative hypothesis that they find more. The test procedure is laid out in full in

Section B.2 in the appendix.

Both text2text (𝑝 < 0.001) and persona (𝑝 = 0.002) identify a statistically significant amount of

excess heterogeneity under this test, at the Bonferroni-corrected 𝑝 = 0.05 level. Neither the ensemble

baseline nor any of the RepReg predictions are significantly different from random scores.

4.6.3 Best Performance

A few particular configurations also demonstrate substantially better performance than the average, with

the three best-performing shown in Figure 4.4. (Note, though, that we found these results after the fact,
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and did not pre-specify these hypotheses in particular.) Both the causal random forest regressor (for

RepReg) and the base model without post-training do particularly well (in the text2text setting), with the

combination of these two also posting good performance.

4.6.4 Effect of Post-Training

As stated in Section 4.5.3, we used Llama3 because of the availability of base, instruct and RLHF checkpoints

that would allow testing the effect of post-training on HTE prediction performance.

Figure 4.5: Qini coefficients for all head-to-head

comparisons of the performance of base, instruction-

tuned and preference-tuned models on HTE predic-

tion tasks, demonstrating a large and consistent out-

performance by the base model compared to those

with post-training. Where more than one set of pre-

dictions exists for a dataset (such as from using CE-

VAE, causal random forests, etc, for second-stage pre-

dictions in RepReg), these predictions are ensem-

bled for each dataset and the Qini curves are averaged

across datasets. We then compute the Qini coefficient

for this final curve.

Our results, shown in Figure 4.5, are unequivocal:

Post-training severely degrades the model’s HTE esti-

mation abilities. In all three method evaluations where

we compare them head-to-head (persona methods

were evaluated only on the instruct variant, both to

reduce costs and because of the base model’s lack of

instruction tuning and resulting prompt-following

ability), the base model does much better than the

other two variants. Given the importance of calibra-

tion visible in Figure 4.3 and discussed above, a likely

culprit is the miscalibration known to be induced by

instruction and preference tuning.
293

These results also provide an explanation for

what at first blush appears to be inverse scaling from

text2text to persona. The instruct model, which we

used for persona methods, does improve with test-

time compute scaling. As shown in Figure 4.5 and Fig-

ure 4.3, the model’s performance goes from a Qini of

-0.008 to 0.292. This effect is masked by the different,

larger set of models used for the text2text experiments,

with the base model performing much better.

4.7 Results: Reproducing ATEs
We also examine the closely related task of ATE prediction. Given a set of individual-level treatment effect

predictions, it’s easy to get a prediction for the average treatment effect: Just average the individual-level

predictions. We can also observe the true ATE easily, with the usual Neyman difference-in-means estimator,

and compare them. If language models can accurately predict ATEs, we should see the predictions and the

observed ATEs correlate well.

As shown in Figure 4.6, this is exactly what we do see. (As in the figure, our analysis here standardizes

both ATEs and predicted ATEs as effect sizes for cross-dataset comparability.) RepReg and baseline
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Figure 4.6: ATE prediction performance of various zero-shot (“ZS”) and cross-validated (“CV”) models

from our experiments. The zero-shot approaches have a much harder task: With training data, estimating

the difference in means between the treatment arms is straightforward, while doing well without it requires

far more world knowledge. The y-coordinate of each dot represents the ensemble prediction on a single

dataset of all implementations (models for zero-shot methods, models x second-stage predictors for

RepReg) on that dataset, with the correlation taken at the dataset level. The blue line is the line of best

fit, and the shaded area around it is a 95% confidence region. True ATEs and average model predictions

are first divided by the pooled outcome standard deviation, to make both interpretable across studies as a

Cohen’s 𝑑 effect size.
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methods excel here, unsurprisingly, because they have training data. If even the simple difference-in-means

estimator can learn the average treatment effect from data, a more sophisticated method should be able to

as well. More interesting is the performance of the zero-shot methods, which face a much more difficult

task. Without any data to learn from, the model needs to very accurately represent how persuasive messages

are to predict ATEs well. Our experiments indicate quite good performance at this task, with both the

text2text and persona methods putting up correlations far above that expected by chance. The text2text

method’s predictions in particular are able to explain almost 2/3 of the variance in the observed effect size

(0.7882 = 0.621).

These results agree directionally with the 𝑟 = 0.91 correlation that Hewitt et al. report a similar

method reaching between predicted and true ATEs in a larger sample of effects, though we find a lower

correlation. Their results, however, were with a larger model (GPT-4).
**

Capabilities at the level we find

would still be quite useful in some experimental design applications, where a different point on the

performance for model cost tradeoff curve is best.

If we break down these zero-shot results by model, familiar patterns from the previous section reappear.

Individual-level predictions from the Llama3 base model average up to the best ATE predictions, with the

text2text method using this model reaching a correlation of 0.831 against only 0.641 for the instruction-

tuned checkpoint and 0.707 with RLHF. (The persona method was once again only evaluated with

the instruct checkpoint.) We also find a clearer demonstration of inverse compute scaling: The persona

method with the instruction-tuned Llama3 model has a true ATE / predicted ATE correlation of 0.593,

against the same model’s 0.641 with the text2text method. Inverse scaling is unusual
295

and deserves further

study.

4.8 Results: Relationship of ATE to HTE Prediction Performance
A natural next question to ask is how these two capabilities relate to each other. That is, are models which

better predict ATEs also better at predicting HTEs? The answer, quite surprisingly, is a comprehensive ‘no’.

The correlations between Qini coefficients and various measures of ATE prediction accuracy are shown in

Table 4.2. None of these coefficients are large in magnitude, for any method, and some of them run in the

opposite direction of that expected, with a positive correlation between Qini and ATE prediction error.

(ATEs are, once again, expressed as effect sizes for comparability between experiments.) Disaggregating the

average results given in the table by underlying model, second-stage prediction method where appropriate,

and so on (not shown for space) still fails to reveal any strong relationship. Spearman rank correlations

also tell a similar story to the Pearson ones we’ve shown in the table. We might think that ceiling effects in

ATE prediction distort the findings for RepReg methods (and the baseline), but the relationship is only

slightly stronger for the zero-shot methods.

Now, a possible explanation of this pattern is that it’s a coincidence: We are simply seeing an artifactual

relationship between which datasets have the easiest-to-predict ATEs and which have the easiest-to-predict

**
We do find performance at this level in the gpt-4o-mini results of Section 4.10.2, making that model’s poor HTE perfor-

mance all the more striking.
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ATE Err. Abs. ATE Err.

Text2text (ZS) 0.003 −0.128
Persona (ZS) 0.008 −0.226
RepReg: Hidden States (CV) 0.008 −0.026
RepReg: T2T Probs (CV) 0.004 −0.025
RepReg: Persona Probs (CV) 0.078 −0.049
Ensemble Baseline (CV) 0.010 −0.075

Table 4.2: Average correlations between various ATE prediction performance measures and the corre-

sponding Qini coefficients. Results are Pearson correlation coefficients, computed over pooled results

for all datasets and every model evaluated for each approach. ATEs and predictions are first expressed as

Cohen’s 𝑑 effect sizes. We find surprisingly low correlations between performance at ATE and HTE pre-

diction performance, suggesting these tasks may draw on quite different model capabilities. (Performance

measures: “ATE Err.” = signed difference between true ATE and average of individual-level predictions;

“Abs. ATE Err.” = unsigned difference, absolute value of ATE Err. Methods: “ZS” = zero-shot; “CV” =

cross-validated.)

HTEs. We can test this idea by examining, instead of the correlation across datasets within each method,

the correlation at the method level within each dataset. If performance at ATE and HTE prediction tasks

actually co-vary, we should expect to see much higher correlations. The results, however, decisively reject

the coincidence explanation: The average of the within-dataset correlations is -0.017, and only three of 28

datasets have correlations larger in absolute value than 0.2.

ATE and HTE prediction performance are not completely unrelated, as Table 4.2 shows; all of the

correlations of absolute ATE prediction error with Qini are in the same direction, with lower error corre-

lating with higher Qini coefficients. But they correlate very weakly, and in even the strongest relationship

(zero-shot persona experiments) ATE prediction performance at 𝑟 = −0.226 explains only about 5% of

the variance in HTE prediction performance.

The likeliest explanation is that these two tasks simply draw on different capabilities of the underlying

models. This conclusion finds further support from the ATE/HTE results in Section 5.2, and in the

sharply different patterns of demographic disparity observed for ATE and HTE prediction in our very

next section.

4.9 Results: Robustness and Demographic Analysis
Having demonstrated that LMs can perform well at both HTE and ATE prediction, and that these are

substantially separate capabilities, it’s also natural to ask whether there are any important group disparities

in these tasks. We are limited in the kinds of groups that can be analyzed by which demographic and other

variables are present in all or most of the experimental datasets we have available, and by how they are (or

are not) consistently coded. For our experimental datasets, the most useful choices are:
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Race This is present in every dataset, and the only consistently usable coding scheme is to dichotomize

it to white and nonwhite. We drop from this analysis the Mutz
296

dataset, which included only white

respondents.

Sex / gender Every dataset reports this, and does so dichotomously as male or female. No dataset

consisted exclusively of one sex or the other, so no datasets are dropped from this portion of the

analysis.

Political party Each of our datasets includes the political party identification of the respondents.

These are coded in varying ways, from a Democrat/Republican/independent categorical variable to a

strong Democrat to strong Republican Likert scale. We dichotomize these variables to Democrats and

Republicans, taking leaners on Likert scales as part of the party toward which they lean. Independents

and third party identifiers in each dataset were dropped. We also dropped all three datasets from

DeMora et al.,297
whose entire experimental sample consisted of Republicans.

We further dropped, from each of these analyses, any subject who refused to answer the relevant demo-

graphic question.

To analyze how performance varies along these dimensions, we look at two measures of prediction

quality, corresponding respectively to the ATE and HTE analyses of the preceding sections: the conditional

ATE within each demographic subgroup and the Qini coefficient computed only among each subgroup.

(Note that the CATE is both an analog of the overall ATE for each group and at the level of the entire

experiment is also a measure of heterogeneity prediction performance in its own right.) For the Qini

coefficient, we do not rerun the entire experiment with the variable of interest removed from the text

representations of each subject, which would be both too expensive and represent a subtly different

question. Rather we simply take the existing predicted individual-level effects, which were computed with

access to the focal variable in each analysis (race, sex or party), and filter down to only the appropriate

demographic group. Doing so addresses the more common practical question of how predictions generated

with all available data differ between groups, rather than the less relevant question of how the inherent

predictability of response varies by group.

The results are shown in Table 4.3, and differ substantially between CATE and Qini measures. For the

CATEs, predictions (computed as the average of the individual-level predictions) are off by very similar

amounts between groups for all methods. No large or substantively important disparities are apparent.

There are, however, much larger differences across groups in how well individual-level predictions

rank subjects within groups, which is what the Qini coefficients measure. We do not observe gaps in any

consistent direction, however: As Table 4.3 shows, on average we see better prediction performance for

white respondents than for non-white ones (average Δ = 0.656), but no similarly large or consistent gaps

are evident for party (average Δ = 0.219) or especially gender (average Δ = −0.078). The ensemble

baseline, composed of non-neural models trained from scratch, does not always reproduce the same

patterns as the other methods, making it possible that biases introduced in language model training or

data curation contribute.
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BL Per. RR-H RR-P RR-T T2T

Abs. ATE Err. Race W 0.049 0.431 0.227 0.122 0.160 0.350
N 0.051 0.424 0.230 0.138 0.167 0.337
Δ −0.002 0.007 −0.003 −0.016 −0.008 0.012

Party R 0.078 0.469 0.253 0.163 0.194 0.408
D 0.053 0.420 0.230 0.140 0.175 0.359
Δ −0.025 −0.050 −0.024 −0.023 −0.019 −0.048

Gender M 0.056 0.417 0.233 0.142 0.175 0.349
F 0.062 0.448 0.236 0.144 0.181 0.358
Δ −0.005 −0.031 −0.003 −0.001 −0.006 −0.008

All 0.041 0.425 0.220 0.110 0.149 0.346
Qini Coef. Race W 0.059 1.736 0.181 −0.017 0.007 1.736

N 0.130 0.391 −0.049 0.032 −0.126 −0.607
Δ −0.071 1.345 0.231 −0.049 0.133 2.344

Party R −1.020 0.023 0.400 −0.705 0.127 0.164
D 0.054 0.146 0.033 0.061 0.009 0.001
Δ 1.074 0.123 −0.367 0.766 −0.118 −0.163

Gender M 0.332 0.130 0.268 0.117 0.185 −0.334
F 0.738 0.003 −0.051 0.102 0.239 0.135
Δ −0.405 0.126 0.319 0.015 −0.054 −0.469

All 0.242 0.264 0.111 0.093 0.104 0.252

Table 4.3: Average values of prediction performance metrics for CATE (“Abs. ATE Err.” = absolute value

of prediction error for scaled CATE) and HTE (Qini coefficient), by demographic group and method,

and intergroup differences. The results demonstrate fairly even performance across demographics in

predicting demographic-level conditional ATEs, but much more variability within each demographic

(and by method) in HTE prediction. Method names: BL, ensemble baseline; Per, zero-shot persona;

RR-H, representational regression with hidden states; RR-P, representational regression with persona

probabilities; RR-T, representational regression with text2text probabilities; T2T: zero-shot text2text.

Variable levels: Race, W (white) and N (nonwhite); Gender, M (male) and F (female); Party, R (Republican)

and D (Democratic).
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These results provide further confirmation of the apparent lack of relationship between ATE and

HTE prediction performance, and suggest that disparities in HTE prediction performance warrant further

research and consideration in practical applications.

4.10 Results: Scaling Behavior
How performance varies with scale is an important question both theoretically and practically. Here we

address this question with several new experiments, and discuss and contextualize results from earlier in

the chapter.

4.10.1 Pythia Scaling Study

As mentioned in Section 4.5.3, we run some experiments with the Pythia scaling suite of models.
290

These

range in size from 14M parameters to 12B, and are not instruction- or preference-tuned. We evaluate

both ATE and HTE prediction performance of the zero-shot text2text method with these models, as a

function of scale. The results are shown in Figure 4.7, and demonstrate a curious lack of returns to scale.

ATE performance is approximately constant, even down to quite small models, and HTE performance is

inconsistent. It sometimes, but not always, exceeds that of the ensemble baseline, and does not appear to

increase with model scale as measured in number of parameters. This is another example of the divergence

between ATE and HTE prediction performance: The Pythia models perform comparably to Llama3

variants at ATE prediction (compare Figure 4.6), and notably worse at HTE prediction.

4.10.2 OpenAI Results

As discussed in Section 4.5.3, we repeated the ATE and HTE experiments of earlier in this chapter with

models from OpenAI in order to evaluate the impact of scaling on performance. Most experiments use

gpt-4o-mini,
††

but the RepReg experiments with hidden-state representations use text-embedding-3-large

because OpenAI chat models do not make internal representations available through the API. The chat

models also do not make the full vector of probabilities over the vocabulary available, but only logprobs for

the most likely completions of the prompt. Our prompts (the same as used for the local models) were quite

effective in eliciting the desired completions, and we were able to get logprobs for all possible answers for

virtually all examples. (The one exception is a few studies whose final questions are “feeling thermometers”

that ask for a number from 0 to 100; we took logprobs for any allowable number which occurred in the

API response and set the probabilities of the others to 0. Because the minimum logprob returned was

generally very small, the resulting approximation error to the true distribution under the model is also

small.)

††
OpenAI has not publicly stated exactly how large gpt-4o-mini is, nor how it was trained. Some sources say that it is about

8B parameters,
298

the same size as our Llama models, though it may be larger. It is also widely believed to be distilled from

larger and more capable models, unlike the trained-from-scratch Llama3,
287

and is thus at least an example of compute scaling if

not necessarily parameter scaling.
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(a) ATE prediction performance. (b) HTE prediction performance.

Figure 4.7: ATE and HTE prediction performance of the Pythia scaling suite models. ATE results are

the correlation across datasets of the true ATE with the average of individual-level HTE predictions. For

ATE results, both the outcome variable and HTE predictions are expressed as a Cohen’s 𝑑 effect size, by

diving by the pooled standard deviation of the outcome variable. HTE results for each model size are the

area under the average Qini curve over datasets. Both subplots show the performance of the ensemble

baseline for comparison. (“ZS” = zero-shot.)
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The results have both clear similarities to and clear differences from those observed with the Llama

models. As with Llama, ATE prediction performance is consistently very high with RepReg methods

(unsurprisingly, given their use of training data). The lowest correlation coefficient observed is for RepReg

with hidden states (𝑟 = 0.946) and the other two RepReg correlations do not differ from their Llama

analogues by more than 0.001. Zero-shot performance, meanwhile, is notably better than Llama. The

average individual-level prediction of the zero-shot text2text method with gpt-4o-mini correlates with

true ATEs at 𝑟 = 0.865 (cf. 𝑟 = 0.788 for Llama), and the persona method at 𝑟 = 0.894 (cf. Llama’s

𝑟 = 0.593). These improvements are what we might expect from a larger and more capable model.

The HTE prediction performance observed from the OpenAI models, on the other hand, is surpris-

ingly poor. We consider all pairwise comparisons to any Llama model: 3 head-to-head comparisons of

the Llama variants with text-embedding-3-large for RepReg with hidden states, and 8 for gpt-4o-mini (1

against Llama3 8B Instruct in zero-shot persona, 1 against Llama3 8B Instruct in RepReg with persona

probabilities, and 3 each against the Llama variants in zero-shot text2text and RepReg with text2text

probabilities). The text-embedding-3-large model outperforms 0 times out of 3, and gpt-4o-mini only twice

out of 8. Neither is the best-performing model in any experiment. In the zero-shot text2text and persona

experiments, gpt-4o-mini performs worse than the theoretical random baseline, with Qini coefficients of

respectively -0.052 and -0.167. Performance is not uniformly terrible, with RepReg using the text2text

probabilities from gpt-4o-mini demonstrating the second-best Qini of 0.232 (the best performance in

this experiment came with the base Llama3 8B model, at a Qini coefficient of 0.345). But it is certainly

underwhelming, and unexpected from what is otherwise a more capable model than the 8B Llama vari-

ants. That performance with the text2text probabilities improves substantially when recalibrated by a

second-stage RepReg method may point to a partial explanation: the OpenAI models’ more aggressive

post-training has degraded their calibration, and thus their performance, more thoroughly than the Llama

variants (cf the analysis in Section 4.6).

Finally, when we examine the correlation between ATE and HTE performance as in Section 4.8, there

are even more notable changes from the Llama pattern. We do observe stronger correlations between

ATE prediction error measures and Qini coefficients, with the largest in absolute value being 0.425 (about

18% of the variance). But these usually run in the other direction: Both zero-shot methods have positive

correlations between absolute ATE error and Qini coefficient (text2text: 0.425, persona: 0.397), implying

a tradeoff between performance at the two tasks. The RepReg methods are in line with the Llama models’

pattern, having negative but small correlations no larger in magnitude than -0.101.

4.10.3 Sample Efficiency: How Much Pilot Data Are Zero-Shot LMs Worth?

An important practical question for users of zero-shot LM-based methods for predicting treatment

response is how much experimental pilot data they can replace. In other words, if one can supplement a

pilot study to target an intervention with language-model simulations, how much pilot data is that worth?

We test this question by conducting a scaling study on our ensemble baseline. We refit each model

in the ensemble several times, on progressively larger fractions of each dataset, and compute the Qini
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coefficient of the average predictions on the rest of the dataset, which is out-of-sample. This gives us a

measure, for each dataset and each fraction of the dataset, of how well the baseline performs. We use 16

evenly spaced query points from 0.15 to 0.9 (i.e., every 0.05) to ensure both train and test sets are always

large enough. Averaging over the datasets and query points gives us a measure of how much an additional

slice of the data is worth, in terms of incremental Qini, to which we can compare the zero-shot methods’

performance. Because there is some added variance introduced by the subsampling, we fit a linear model

with 0 intercept and estimate the marginal benefit of each unit of data from its slope.

This procedure estimates that the marginal 5% slice of our datasets adds about 0.017 to the Qini

coefficient of an ensemble of classical baselines trained on data from them. A simpler approach fitting a

line through a) the expected Qini value of 0 with no data and b) the performance of the ensemble baseline

shown in Figure 4.3, each prediction of which came from models trained on 2 out of 3 cross-validation

folds (66% of the data), provides a slightly lower estimate of 0.014 for each 5%.

In other words, then, the average performance observed from the text2text and persona methods

in Figure 4.3 is what we’d expect from models trained on experiments from 125% to 158% the size of the

actual sample we have (for text2text) and 86% to 108% (for persona). Even larger values are obtainable

from the best-performing models in Figure 4.4. Taking advantage of LMs for HTE prediction, then, can

substantially reduce the costs of pilot studies – or, conversely, allow much more accurate targeting for the

same budget.

4.11 Conclusion
Our evaluation datasets pose a difficult task for any method: As replication data, they contain only

limited and not personally identifying information about respondents. Nevertheless, on average our

zero-shot methods demonstrate considerable improvement at HTE prediction over the already nontrivial

performance of a strong ensemble baseline. While their performance at predicting ATEs is notably worse

than baseline, this is not surprising: Given a significant amount of training data, even a quite simple model

ought to be able to estimate the difference in means between the treatment arms. Achieving a respectable

correlation, far better than chance, between average individual-level predictions and the true ATE without

any experiment-specific data at all is much more difficult.

Because the language models used in our methods have no additional subject-specific data, this im-

proved performance suggests greater statistical efficiency. The LM is able to leverage its world knowledge

from pretraining, which includes information about how different kinds of people relate to and react to

different kinds of messages, and surface it in better representations or more accurate predictions of their

response. None of these methods are, of course, necessary to improve predictive performance: One could

simply accumulate a large amount of data and estimate the CATE function with low variance, but its

statistical inefficiency makes this idea very expensive.

We have, by contrast, demonstrated entirely zero-shot methods able to beat baselines that have access

to substantial amounts of training data. Only each subject’s predictor variables and a textual treatment

description (and, of course, an internet’s worth of pretraining data) are necessary. The results are a powerful
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demonstration of transfer learning.

4.11.1 Open Questions

Our results in this chapter answer some questions and raise others, especially around scaling behavior and

the variability of performance between models and tasks.

Variability of performance. Performance at HTE prediction tasks is highly variable, along a number

of puzzling dimensions. First, we observe a huge impact on HTE prediction performance of post-training.

The Llama3 base model greatly outperforms both instruction- and preference-tuned checkpoints derived

from it, most likely because of degraded calibration from the post-training process. Model families also

perform differently, especially the better performance observed from the Llama models than from gpt-4o-

mini or Pythia. It is not at all clear why this happens
‡‡

or which ingredients in a model’s training process

matter, and further research should take this up.

Moreover, the apparent independence of ATE and HTE prediction as tasks is quite puzzling. Good

performance at each seems to draw on very different capabilities from the language models used. Under-

standing further why this happens and what the key techniques or training data are for each would be

valuable.

Scaling. Overall, we find a confusing mix of scaling behaviors.

Model and data scaling Larger models do not reliably have better performance. Larger Pythia mod-

els do not consistently do better at either ATE or HTE prediction; the OpenAI models we evaluate

do quite poorly at HTE prediction (though they do better than Llama at ATE prediction, further

highlighting the independence of these tasks). While we do not directly test variation in the size or

composition of pretraining data, we do observe significantly worse performance from models which

have undergone instruction or preference tuning than from the Llama3 base model. Applying more

data and the compute to train on it, in this case, sharply worsens performance at HTE prediction,

by much more than the instruction-tuned model can subsequently recover with test-time compute

scaling.

Test-time compute scaling We do not consistently see performance improve with more test-time

compute. Llama3 8B Instruct does perform better at HTE prediction with the persona method than

the text2text method that spends no additional test-time compute (Qini coefficients of respectively

0.292 and -0.008), but we see the opposite pattern, inverse compute scaling, with gpt-4o-mini. This

latter model goes from a worse-than-random Qini of -0.052 with the text2text method to an even

‡‡
The simplest, superficially plausible, explanation is leakage: that the Llama3 base model’s training corpus included our

experimental datasets. On further consideration, though, this is not likely: The texts we actually present to the models, rendered

versions of the survey scripts with participant demographic traits, are to the best of our knowledge entirely novel and do not

appear anywhere else. The scripts alone, which to boot are often contained only in obscure replication data archives, are not

sufficient to learn this participant-traits-to-outcome mapping.
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worse value of -0.167 in the persona experiments. Llama3 8B Instruct also posts worse performance

at ATE prediction (𝑟 = 0.593) with persona than with text2text (𝑟 = 0.641), another example of

inverse scaling.

In brief, compute scaling helps, except when it hurts, which is also what we observe for model scaling.

Inverse scaling of any kind is unusual, and the examples we find here should prompt further research. They

should also prompt caution in evaluating how well various models work for practical use cases. Bigger is

not necessarily better!
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Chapter 5

Transfer Learning for Persuasion:
Generalization in Treatment-Effect
Estimation

5.1 Introduction
Our results in Chapter 4 demonstrate that language models are capable of good performance, indeed

better than baselines, at the task of individual-level treatment effect estimation. Our findings also agree

with other recent work
294

that these predictions, averaged over an experiment, are accurate predictors of

the empirical average treatment effect.

But simply demonstrating that LMs can do well at this task doesn’t explain why or what data is

informative. Enormous pretraining datasets (and smaller but still sizable post-training datasets) go into

creating them, and there’s both practical and theoretical value in knowing which sorts of data are useful

for treatment-effect estimation. We are interested, that is, in generalization: What kinds of data allow

transfer learning to the setting of persuasion and opinion change?

This is in fact a concrete instance of a central theoretical question in the study of persuasion, especially

in politics: what determines persuadability and how it relates to context. A prominent perspective in the

study of this question is that persuasion usually occurs fairly uniformly,
48,49

without much heterogeneity

along practically measurable dimensions.
*

Where there is meaningful heterogeneity, it appears to be highly

contextual
50

and difficult to give a clear theoretical account of. (This complexity makes intuitive sense: A

general, simple factor of persuadability without regard to personal traits or message might less charitably

be called gullibility.)

There has been particular emphasis on the role of the media,
39

especially traditional media
299

but more

recently also social media and the internet.
300

Our first experiments in this chapter take advantage of a

*
Note, though, that the hypothesis tests of Section 4.6 provide strong evidence this is not true, on average at least, for our

corpus: Enough heterogeneity exists for it to be predicted zero-shot by language models, and to be statistically significantly

different from what random scores would produce.
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unique news dataset, discussed below, to test some of these theories and examine media’s relationship

to opinion change. These experiments build on pioneering work by Chu et al.34,301
, which developed a

related notion of ‘media-diet models’ and applied them to predicting answers in cross-sectional national

surveys. The work here differs in a number of important ways (including an updated language-modeling

methodology), the most important of which is that we consider causal settings with randomized treatment

assignment. Rather than exploring media data’s applicability to expressed opinion in surveys, we want to

see how it can apply to changes in such opinion.

In addition to media, we hope to probe some of the hidden architecture of opinion by examining

other kinds of transfer. Our results so far, demonstrating improvements in treatment effect estimation

from the use of large pretrained models, already demonstrate a kind of transfer learning (from the model

pretraining distribution to our experimental datasets). To allow more focused follow-on inquiry, we’ll

drill down here on a few kinds of transfer:

Contextual Can we predict persuasion more effectively after pretraining on contextually relevant

information? In the political and public-affairs settings of our experimental datasets, this information

is most naturally contemporaneous news data, which captures the political agenda and would have

been available to (though not necessarily actually accessed by) the experimental subjects.

Cross-Subject Does pretraining on some kinds of subjects, such as those with particular demographics,

help generalization to other kinds of subjects? Can some kinds of people be informative about other

kinds of people?

Cross-Experiment Finally, most ambitiously, does pretraining on some experiments result in improved

HTE prediction performance on others? Has the trained model, in other words, learned anything

about persuadability in general?

Positive answers to any of these questions would be both practically and theoretically useful. On the

practical side, predicting which messages will be persuasive to which kinds of people has applications in

marketing, political communication, and other fields. Knowing which sorts of data are useful for this task

allows it to be done better and more efficiently. On the theoretical side, our results (especially if positive)

can make a useful entry in long-standing debates
39,48,50

about what factors influence persuasion. Even a

positive finding would not prove that (say) exposure to news causes opinion change, but it would provide

strong evidence in support of that position.

5.2 Contextual Influence: News Data
This section presents our experiments with models fine-tuned on news data. We leverage a novel and

large dataset of TV news closed captions to represent news, and fine-tune iteratively on all data up to and

including each successive month of this dataset. A new checkpoint is generated each month, re-initializing

training from the previous month’s checkpoint, to avoid a quadratic increase in training time while
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still training on the news an actual human respondent would have been exposed to. We then use the

appropriate monthly checkpoint for each experiment conducted during the news-data collection period.

We train three kinds of models for each month: one using data from all four stations (Fox News,

MSNBC, CNN and CNBC), one using only MSNBC (to reflect a liberal perspective), and one using

only Fox News (to reflect a conservative perspective). These models are then evaluated in a number

of different settings: Fox models on only Republican subsets of each experiment, MSNBC models on

Democratic subsets, all-data models on all respondents, and finally all three kinds of models ensembled on

all respondents to provide the broadest possible test of contextual and media influence.

5.2.1 Dataset

Large-scale datasets of recent news content are hard to come by. Among other reasons, this is because of

publishers’ intellectual property concerns, which have only intensified in the era of generative AI.
302,303

Accordingly, rather than using a standard preassembled corpus of news, we used one recently developed at

the MIT Center for Constructive Communication.

The dataset consists of closed-captioning (CC) transcripts collected from several cable-TV networks

via tuner cards: CNN, MSNBC, Fox News and CNBC. These stations cover a range of ideological

perspectives, from stridently right-wing (Fox) to comparably left-wing (MSNBC) to left- and right-leaning

perspectives in the middle (CNN and CNBC). Our dataset covers the period from May of 2020 to

December of 2023.

The raw CC outputs contain timestamps, a field indicating the method of display onscreen (whether

the captions are pop-on or roll-up) and the text displayed. No other fields are available, in particular

whether the content was part of a program or an advertisement. To more accurately reflect what a viewer

of these channels might experience, we elected not to try to detect and remove ads.

We preprocessed the news content to remove certain formatting conventions in the captions, such as

the use of a musical-note character to indicate music being played, and split it into speaker turns based on

the annotations present in the captions.
†

A small fraction of speaker turns which had been garbled by poor

TV signal, which we defined as those with at least a 20% rate of mis-spelled words according to nltk-based

spellchecking,
304

were dropped. To help models learn from relatively long-context dynamics, rather than

decontextualized short statements, we then sorted the speaker turns in chronological order within each

station and batched them into approximately 2048-token chunks. (Longer speaker turns, which occur in

host monologues especially, were split up at sentence boundaries; shorter chunks were iteratively combined

until consisting of at least 2048 tokens.) Each such chunk became one training example.

All told, after preprocessing we have 761,239 examples comprising 4.84 GB of text. The content is

nearly evenly balanced between stations, ranging from a low of 1.11GB for Fox News to a high of 1.29GB

for MSNBC.

†
The raw data, following a common closed-captioning convention, indicates scene changes with “>>>” and speaker changes

with “>>”.
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5.2.2 Training Details

Our finetuning follows the straightforward, month-by-month schedule outlined at the start of this section:

Training on each month loads the previous month’s checkpoint, discarding its optimizer states, or the

stock model for the first month, trains on that month’s news data, and then saves the resulting checkpoint.

We do this three separate times, accumulating three series of monthly checkpoints, on three separate

datasets: Fox News only, MSNBC only, and all four channels pooled together.

To control costs, we avoid using all models from Chapter 4 and instead finetune only the Llama3 8B

Instruct variant. We selected the instruction-tuned model in particular because, unlike the base model, it

should be usable for persona experiments which need to follow prompts. With results for these experiments

available in the last chapter, we can then compare performance of all techniques, not just text2text and

RepReg, before and after news tuning.

To avoid ablating the stock model’s instruction-following capabilities, the training data mixture is 15%

from three standard instruction datasets (Alpaca,
305

Dolly-15k,
306

and OpenAssistant1
307

) and 85% news

data. We use all available news data and randomly downsample the very large OpenAssistant dataset to hit

the target proportion; the final training data mixture is simply a bit larger than a news-only dataset would

be.

We use full fine-tuning rather than LoRA, because of the large dataset and desire to pick up possibly

subtle signals from the news corpus. Training used the 8-bit AdamW optimizer
308,309

from the bitsandbytes

package, with the default betas of (0.9, 0.999) and no L2 weight decay. The initial learning rate was 2.0e-5,

and we used a cosine learning-rate scheduler with the default hyperparameters. To stabilize training, the

gradients were clipped to a maximum norm of 1.0. The logical batch size was 64, reflecting a physical batch

size of 1 and gradient accumulation. (Recall from Section 5.2.1 that each example is already a sequence of

several consecutive sentences.) We trained for 3 epochs and took the model at the end of training, without

early stopping or model selection based on a validation set. For efficiency, we use gradient checkpointing,
310

mixed-precision training
311

with bfloat16, Flash Attention 2,
312

and Liger Triton kernels.
313

Training used

80GB A100 GPUs from a cloud service and also employed the transformers,
285

trl,
‡

and accelerate
§

packages

from Hugging Face.

The datasets were split randomly into 90% train and 10% validation, with the validation set used to

confirm that the model was learning and out-of-sample loss was declining. We did not split out a test set,

with the models instead evaluated on ATE and HTE prediction tasks on our experimental datasets.

5.2.3 Results

At inference time, we take the appropriate checkpoint for each experiment, given the month it was

conducted, and repeat the text2text, persona and RepReg studies from Chapter 4 exactly, using the same

parameter settings and code. 17 of our 28 experiments fall within the window for which closed-captioning

‡
https://github.com/huggingface/trl

§
https://github.com/huggingface/accelerate
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(a) Performance of all news-tuned models (all-data, MSNBC-only and Fox-only) ensembled on all respondents.

(b) Performance of each set of news-tuned models on the matching set of respondents: all-data models on all

respondents, Fox-only models on Republican respondents, and MSNBC-only models on Democratic respondents.

Figure 5.1: Performance of the zero-shot text2text approach (see Section 4.4.1) with news-tuned models on

various sets of respondents, compared to both the same text2text approach using the Llama3 8B Instruct

model without news tuning and the ensemble baseline. The top pane shows the performance of all news

tuned models ensembled together, on all respondents, while the bottom pane breaks each set of models

out and compares them to the ideologically matching set of respondents. We find substantial improvement

in all cases, over both the model without news tuning and the baseline, from contemporaneous news

tuning. The curves shown here are calculated in the same way as those shown in Figure 4.3 and as described

in Section 4.5.1.
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data is available and are used for evaluation. We do this three times, for the all-data, MSNBC-only and Fox-

only series of checkpoints. MSNBC-only and Fox-only models are evaluated respectively on Democratic

and Republican respondents only, rather than on all respondents, because the greater ideological similarity

they have to these populations ought to make them more informative there. We also evaluate the ensemble

average of all three models on all respondents, to see whether using the broadest measure of news and news-

derived perspectives brings additional benefits. We analyze both ATE prediction and HTE prediction

quality. Average HTE prediction performance is evaluated by averaging Qini curves as described in

Section 4.5.1.

Broadly speaking, the results demonstrate that we can realize large increases in performance with

contextual news tuning. The zero-shot text2text results are shown in Figure 5.1, and show that all tested

configurations improve with news tuning. Both the ensemble of all-data, Fox-only and MSNBC-only

models and each of these models individually outperforms the stock Llama3 8B Instruct model, usually

by a large margin. On the all-respondent evaluations, where we have the ensemble baseline from the last

chapter (trained on cross-validation splits of all respondents) to compare to, both the all-data/Fox/MSNBC

ensemble and the all-data model alone outperform the baseline while stock Llama3 8B Instruct does not.

The ensemble model in particular provides a very large increase in performance, to a level that would be

clearly useful in practice for targeting interventions.

Not all of these experiments produce good final performance, with the Fox-only model on Republicans

failing to predict much better than chance. For theoretical purposes, though, it does improve over the stock

model, which performs worse than random. News tuning, in other words, does impart useful information

even here, though it also suggests the need for careful evaluation in practical settings.

Our other methods (not shown in the figure) are less improved by the news tuning process. Persona

experiments consistently post worse performance than before tuning, and here the cause is made clear by

inspecting the generated text: Despite our inclusion of instruction-tuning data to avoid it, the training

process ablated some of the instruction-following capabilities. The trained models are much more likely

than the stock checkpoint to produce repetitive generations, end output after simply reciting their assigned

demographic traits, and otherwise fail to follow the prompt. The RepReg results for both hidden states and

text2text probabilities as inputs, meanwhile, show improvement. Over the same four model configurations

depicted in Figure 5.1 (All-data/Fox/MSNBC ensemble, all-data only, Fox only, MSNBC only) news

tuning improves both sets of RepReg methods’ Qini coefficient by an average of 0.103, to 0.212, worse

than in the text2text case but still a 94% increase from the 0.109 observed without it.

ATE prediction results are shown in Table 5.1, with the stock Llama3 8B Instruct checkpoint’s perfor-

mance shown for comparison. The zero-shot methods’ performance lines up well with what we observe for

HTE prediction, with the text2text predicted ATEs becoming substantially more correlated with the true

ATEs, while the persona method posts a small improvement but is likely impaired by the same ablation

of instruction-following capabilities that hurt HTE performance. The RepReg methods, which have

training data to work from and are near the ceiling of ATE prediction performance to begin with, see on

average positive but much smaller improvement. Notably, the good results we observe here from RepReg

on the persona probabilities combined with the poor performance of zero-shot persona may suggest the
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Llama3 8B IT News Tuning Δ

Text2text (ZS) 0.336 0.762 0.426
Persona (ZS) 0.546 0.589 0.043
RepReg: Hidden States (CV) 0.948 0.947 −0.001
RepReg: T2T Probs (CV) 0.963 0.965 0.002
RepReg: Persona Probs (CV) 0.982 0.992 0.010

Ensemble Baseline (CV) 0.992 –

Table 5.1: ATE prediction performance of the Llama3 8B Instruct model, before (left column) and after

(right column) news tuning. As in Figure 4.6, the figures shown are Pearson correlation coefficients

between (at the dataset level) the true ATE and the average of the individual-level predictions. Performance

is evaluated on the 17 experiments conducted during the period for which we have cable-news data, with

predictions for each experiment generated by the model trained on news data up to the month of the

experiment. These results are for the three-way ensemble of all-data, MSNBC-only, and Fox-only models,

and are evaluated on all respondents. (“ZS” = zero-shot; “CV” = cross-validated.)

presence of useful underlying signal and ablation-induced poor calibration. Results are also similar if we

break out all-data models on all respondents, MSNBC-only models on Democrats and Fox-only models

on Republicans. (Notably, ATE prediction performance is better for Democratic subsets than Republican

ones, as in the HTE case.)

Finally, we should note that the differing performance of these methods (while practically important)

is secondary from a theoretical perspective. That the text2text method experiences large performance im-

provement from news tuning demonstrates clearly that contemporaneous, contextual news data contains

a great deal of relevant information for HTE and ATE prediction. This fact bears on debates in the theory

of persuasion, lending support to views like that of Zaller
39

that stress contextual influence, whatever may

be practically most useful for leveraging data about such influence.

5.3 Generalization: In-Distribution
News data, while useful, is not the only thing from which we might want to (and think we can) learn

about persuasion. Persuasion experiments themselves are also a natural source of training data, but how

useful they are for learning generalizable opinion-change dynamics is disputed.
48,50

In this section, we

want to address this question by evaluating transfer learning in models trained or fine-tuned on these

datasets. There are two kinds of generalization that are of interest: from some experiments to others and

from some kinds of subjects to others.

This is considerably more complicated than working on experiments individually because not only the

available predictors but, crucially, the meaning of the treatment indicator will differ between experiments.

To be concrete, 𝑇𝑖 = 1 does not convey the same information when the actual treatment administered

was (say) a free-trade message as it does when the treatment was a change to the name of a candidate. We
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thus need a generalizable way to tell the model what the treatment was, as well as to encode varying sets of

predictors. Simple dummies for the different treatments are not useful because they are inherently unable

to generalize to new experiments.

Language models, however, excel at this task, at least for the kind of text-based survey experiments

used here. We can, as elsewhere in this dissertation, simply provide the text of the survey and available

predictor variables as a prompt. Text provides a common format
31

and allows us to leverage the language

model’s world knowledge about how treatments ought to inter-relate. Transformer LMs also provide a

powerful and high-capacity model architecture to learn potentially complex processes of persuasion.

Before exploring generalization or extrapolation out of the training distribution, to new experiments

or new kinds of subjects, we first need to validate that our modeling approach can work at all. This section

presents experiments testing whether we can learn to predict well within the training distribution, before

moving on to extrapolation in Section 5.4.

5.3.1 Evaluation

For multi-dataset training, we can evaluate models in more than one way. As usual, we can compute the

Qini coefficient on each individual dataset, and report a single metric by averaging them together. But we

can also evaluate the Qini coefficient on pooled datasets; in this approach we simply combine all datasets

together, taking a treatment assignment of 1 (or 0) from a given dataset to be the same as from any other

dataset, and compute the overall Qini. Now, of course, because the treatments are not actually all the

same, it would not make sense to compute this latter pooled metric in the usual tabular data setting. The

detailed textual description of the treatment that we provide to the LM, on the other hand, should allow it

to identify what treatment is actually being provided and predict appropriately (especially after training).

The pooled- and individual-dataset Qinis are both worth considering, because they test subtly but

importantly different things. The average individual-dataset Qini measures, as usual, the model’s ability

to predict heterogeneity within a given experiment. The pooled-dataset Qini also measures the ability to

predict a subject’s relative responsiveness to different treatments. A high pooled Qini coefficient implies a

model that has learned to predict the overall effect of treatments on different groups of subjects, as well as

the heterogeneity in their response to each.

Both measures also have practical value: Individual-dataset Qini indicates how well a model can target

a fixed treatment to a group of subjects, and the pooled Qini also captures the ability to assign people to

treatments. Each of these problems arises frequently in practice.

5.3.2 Estimation Approach

Because we want to learn directly from these experimental datasets, statistical efficiency requires we leverage

their causal structure in training. We can’t simply treat them as text datasets on which to do the usual

autoregressive, supervised fine-tuning. We need instead to specify how the model will learn causal structure,

and fortunately (as discussed in Chapter 4) there are a number of statistical meta-algorithms for doing so,
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into which one can plug a black-box function approximator like a neural network.

Our experiments in this section adopt perhaps the simplest approach: the S-learner, which trains

one model on the consolidated experimental dataset, together with a treatment indicator variable, to

predict the outcome variable. In the classical statistical formulation, the S-learner is trained with a discrete

variable 𝑇 indicating the actual treatment assignment, which is 1 or 0 as appropriate for each subject.

At prediction time, the S-learner predicts to new subjects by generating two sets of predictions of the

outcome, representing the two potential outcomes and with 𝑇 set to respectively 1 and 0, and differences

them to get an HTE estimate. (For a more formal definition of the S-learner and its relatives the T- and

X-learners, see the original paper by Künzel et al..270
)

In this section, however, we represent subjects in the same way as for the text2text approach of

Section 4.4.1: a description of demographic variables and a filled-out survey, ending in a final question,

without the final answer choice.
¶

We can thus avoid using any additional discrete variables, because the

text itself encodes the treatment assignment. It also encodes the experiment identity, which allows us to

skip experiment-specific dummies or other ways of trying to generalize from some experiments to others;

the LM’s world knowledge and the text’s description of the experiment take care of that. The S-learner has

the additional advantage of maximizing the amount of data available to each training process, in contrast

to other algorithms like the T-learner (two separate models, trained on the treatment and control groups)

or the X-learner (a two-stage, group-specific estimation strategy with a propensity score model).

Our setup, then, is simple: Train to predict the outcome on the pooled experimental datasets, and at

test time generate the two sets of predictions and difference them.

5.3.3 Loss Function

The S-learner framework leaves open the question of exactly how to train the model to predict the outcome

variable. Likert-scale data like ours can be represented in a number of ways: as classification, regression, or

with more complex but more statistically principled ordinal models. As in the last chapter, we opt for the

simplest approach of treating the Likert data as continuous and the problem as regression.
283

Our scales

are all evenly spaced, and a regression loss will be able to capture the ordinal component of the data. There

are several standard regression loss functions, but we employ the canonical and most commonly used

mean squared error loss.

Minibatch moment-matching loss. Based on encouraging results in preliminary experiments, we’ve

also evaluated what is to the best of our knowledge a novel training objective for HTE prediction problems.

This loss function stems from a desire to employ HTE prediction directly as an optimization target, which

unfortunately is difficult to do. No fundamental statistical principle forbids it, but the Qini coefficient and

similar ranking-based uplift metrics are not differentiable in the parameters of the model producing the

HTE predictions. Our core idea is instead to recognize that while HTE predictions are always evaluated

by comparing their means to empirical CATEs, we need not consider only subsets defined by ranking

¶
The prompts / textual representations used for each subject are exactly the same as in Section 4.4.1.
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)︁2

Figure 5.2: A graphical illustration of the M3 loss for neural HTE learning, demonstrating how the loss is

computed from the minibatch and its subsamples.

the experimental subjects, as Qini and similar metrics do. We can instead simply sample appropriate

(treatment-stratified) subsets from each minibatch, compute their mean HTE predictions and empirical

CATEs, and input both to a regression loss like the mean squared error. (For efficiency, we stratify selection

into each minibatch by treatment as well.) This approach is simple, easily implemented, differentiable in

the model parameters, and should pair well with another loss that teaches the model directly to predict

the outcome. It can thus be viewed as a kind of regularization that focuses learning on those predictors of

the outcome that are also predictors of response heterogeneity.

Prior work has also incorporated ways to directly constrain ATE or uplift learning to match moments,

including some we’ve covered already. Some of the baselines in Section 4.5.2 can be viewed this way. Tree-

based methods like causal random forests
272

, for example, can use as a splitting or termination criterion a

measure of how accurately a leaf of the tree reproduces the conditional ATE among cases split into that

leaf. DragonNet, a neural model, approaches this task in a different way closer to ours, adding learnable

parameters and constraints to make the model an unbiased estimator of the overall ATE.
271

Still other work

has considered ranking-based losses, despite the general difficulty of optimizing them, such as the recent

model of He et al. that trains a multi-part architecture to rank subjects correctly in marketing contexts.
314

There are also differentiable surrogate losses, like upper bounds on AUUC,
315

and perhaps closest to our

work attempts to enforce calibration guarantees over particular specified subgroups.
316

None of these

methods, however, provide the same combination of features: (i) stochastic calibration on every training

step, (ii) applied to arbitrary subsets and providing many auxiliary constraints rather than just one on the

overall ATE, (iii) imposed on the cardinal values of actual and predicted CATEs rather than ordinal ranks,

and finally (iv) usable with one simple pooled model, rather than multiple components.

93



Chapter 5 Transfer Learning for Persuasion: Generalization in Treatment-Effect Estimation

To give a more formal treatment, take some positive and reasonably large minibatch size 𝐵. What

follows is relative to the examples in this batch, and we index examples by 𝑖 ∈ {1, . . . , 𝐵}. As in the

notation of Section 4.3, let 𝑇𝑖 ∈ {0, 1} be the treatment indicator for subject 𝑖, 𝑌𝑖 the observed outcome

(the potential outcome under treatment 𝑇𝑖) and 𝜏𝑖 the individual-level HTE prediction. We refer to the

set of (indices of) all treatment cases by 𝐼𝑇 ≜ {𝑖 : 𝑇𝑖 = 1} and all control cases by 𝐼𝐶 ≜ {𝑖 : 𝑇𝑖 = 0},
and refer to their cardinalities as 𝑛𝑇 ≜ |𝐼𝑇 |, 𝑛𝐶 ≜ |𝐼𝐶 |.

We can then define a collection 𝑆 of comparisons, pairs of subsets of these arm-specific index sets,

as follows: Let 𝑆(0,0) = (𝐼𝑇 , 𝐼𝐶) be the full-batch comparison. Then for each subset size 𝑘 from some

user-specified minimum size 𝑚 up to min(𝑛𝑇 , 𝑛𝐶), we can sample without replacement 𝑠𝑘 comparisons

𝑆(𝑘,𝑗)
, indexed by 𝑗, of balanced arm size 𝑘: 𝑆(𝑘,𝑗) = (𝐼

(𝑘,𝑗)
𝑇 , 𝐼

(𝑘,𝑗)
𝐶 ), with |𝐼(𝑘,𝑗)𝑇 | = |𝐼(𝑘,𝑗)𝐶 | = 𝑘. As the

notation suggests, 𝐼
(𝑘,𝑗)
𝑇 ⊂ 𝐼𝑇 and 𝐼

(𝑘,𝑗)
𝐶 ⊂ 𝐼𝐶 . Each comparison 𝑠 = (𝑠𝑇 , 𝑠𝐶) ∈ 𝑆 gives rise to observed

and predicted differences

𝐷𝑜𝑏𝑠(𝑠) =
1

|𝑠𝑇 |
∑︁
𝑖∈𝑠𝑇

𝑌𝑖 −
1

|𝑠𝐶 |
∑︁
𝑖∈𝑠𝐶

𝑌𝑖 (5.1)

𝐷𝑝𝑟𝑒𝑑(𝑠) =
1

|𝑠𝑇 |
∑︁
𝑖∈𝑠𝑇

𝜏𝑖 −
1

|𝑠𝐶 |
∑︁
𝑖∈𝑠𝐶

𝜏𝑖 (5.2)

The M3 loss, as the mean squared error of the predicted CATEs on these subsets, is then

ℒ𝑀3 =
1

|𝑆|
∑︁
𝑠∈𝑆

(︁
𝐷𝑜𝑏𝑠(𝑠)−𝐷𝑝𝑟𝑒𝑑(𝑠)

)︁2

. (5.3)

This estimator is shown graphically in Figure 5.2, and a numpy-like pseudocode version of it is given in

Section B.3.

5.3.4 Model Architecture

We use a simple architecture with an MLP head applied on top of the base model’s transformer layer

stack. The original LM head is discarded. The MLP head consists of two linear layers, with a final linear

layer mapping from the MLP head’s hidden dimension down to a 1D regression prediction. Each layer is

separated from the next by GELU and dropout. In our experiments, the MLP head’s hidden dimension

was 256 and the dropout probability was 0.1.

The input to the MLP head is the last hidden states of the transformer, pooled as follows:

1. Use mean-pooling; compute the mean of the hidden states over the sequence indices.

2. Take the hidden state of the last token specifically, the one right before generation would produce

an answer to the final survey question.

3. Concatenate these two (for each example in the batch) into a vector of twice the dimension of the

transformer’s hidden states.
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4. Append three additional numbers to the end (and extend the MLP head’s input dimensionality

appropriately), the same three numbers for each example in the batch: the minimum and maximum

value of the answer Likert scale, and the number of points on the scale. The hidden states already

capture this information (because it’s in the prompt), but we observed benefit in preliminary

experiments from making it even more explicit.

We considered and rejected an alternative approach which both a) treats the problem as classification

and b) uses the outputs of the LM head at the last token as logits. This approach resembles SFT, but

without allowing any position before the last one in the token sequence to contribute to gradient updates.

Preliminary experiments did not suggest an advantage in performance, and GPU memory requirements

were much higher.

5.3.5 Training Details

For these experiments, we use the Pythia-410m model
290

(of Section 4.10.1) rather than the Llama models.

This model provides an advantageous combination of being fairly recent (2023), large enough (bigger

than BERT-Large) to have useful world knowledge, and small enough to considerably simplify our

implementation. Because we’re evaluating a batch-level loss, the usual style of gradient accumulation

will not work and the size of the physical batch becomes important. Designing and implementing an

out-of-core accumulation method for this scenario would be too involved.

We pool all 28 experimental datasets together and randomly split them at the example level into 60%

train, 20% validation and 20% test. We then train three different random initializations for both MSE-only

and MSE + M3 (on the same splits), and report their average results in the next section. During training,

selection into each batch is stratified by treatment to help stabilize the gradients. For better gradients,

the target values are scaled to mean 0 and variance 1 within the model using dataset-wide statistics (and

converted back to the original scale when making predictions). To ensure comparable M3 loss values

between train and validation, selection into validation batches is stratified similarly. To measure how much

the model learns as well as its final performance, we measure performance on the validation and test sets

before training (with the untrained models) as well as after (and for validation, during).

Because, unlike in the news-data case, our experimental datasets are fairly small, we also train with

LoRA rather than full finetuning. We use LoRA parameters r = 16, alpha = 32 and dropout = 0.1. The

physical batch size is 24, which is also the logical batch size in the absence of gradient accumulation. The

initial learning rate was 1.0e-4, with a linear-warmup-decay schedule and a warmup ratio of 0.1. We

trained with bitsandbytes’ 8-bit AdamW optimizer,
308,309

as in Section 5.2.2, using the default hyperparam-

eters and no weight decay. We again used gradient clipping, to a maximum norm of 1.0, mixed-precision

training
311

with bfloat16, and Flash Attention 2.
312

We trained models in this section on 48GB NVIDIA

RTX 6000 Ada Generation GPUs and used the Hugging Face transformers package
285

to load and manage

the underlying language model.

The model selection strategy was as follows:
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Figure 5.3: Test-set performance of the neural S-learner from the in-distribution training experiments,

with and without the minibatch moment-matching loss term. The results show that a batch-level moment-

matching loss term yields better generalization and improved prediction performance in the more difficult

individual-dataset case. Both models perform almost identically on evaluation with pooled Qini. (Note

that pooled-dataset Qini reflects both the ability to predict within-experiment heterogeneity as well as

relative responsiveness to different treatments. Individual-dataset Qini addresses only HTE prediction

performance. Before computing pooled Qini, we normalize both the outcome and the predictions at the

experiment level, by subtracting the minimum outcome value and dividing by the range.)

• We trained each model for 15 epochs, evaluating and saving the adapter weights every half-epoch,

without early stopping.

• At each evaluation, we computed the pooled-dataset and average individual-dataset Qini coeffi-

cients.
∥

• At the end of training, we took the best model by validation-set pooled Qini.

We ultimately trained two model configurations: one with MSE loss only, and one with both MSE

and M3 (summed, equally weighted). Training was in all other respects identical for both configurations.

Both configurations were trained three times on random initializations with the same dataset splits; results

reported below are the averages of each set of runs.

5.3.6 Results

The results, shown graphically in Figure 5.3 and in the first column of Table 5.2, are clear. Within the

training distribution, our models can and do learn to predict treatment response heterogeneity across

experiments. The S-learner with the minibatch moment-matching term in the loss also learns to do so

meaningfully better than the MSE-only model does: Individual Qini coefficients are higher for the M3

model, and indeed in the individual-dataset case the MSE-only model performs worse than random.

∥
An important but subtle implementation detail is that computing the Qini requires evaluating the model also on counter-

factual data points, with treatment assignments not actually used in the experiment, while the loss computation requires only

factual data points.
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Notably, we also find competitive performance with what Chapter 4 reports on average for its six

methods. The individual-dataset Qini for our trained M3 model is 0.260, which would be the third-best

evaluated, ahead of all RepReg methods and the ensemble baseline (all of which also had data, in fact

more data – two of three cross validation folds, or 66%, vs 60% here – to train on). This good performance

occurs even though we use a much smaller and less capable model (Pythia-410m) rather than one or more

Llama3 variants. Both architectural improvements and data may contribute to these results.

The individual-dataset case can be interpreted just like prior results in this chapter and Chapter 4:

Given a treatment, the model displays good performance at predicting how responsive subjects will be to

it. Good performance in the pooled case instead demonstrates that the model can predict which treatments

which people will respond to. Now, of course, how hard this task is depends substantially on how much

heterogeneity there is in each experiment. In the sharp-null case of exactly constant treatment effect

in all experiments for everyone, achieving the best possible performance at it is trivial: Simply identify

which treatment the subject has been assigned to (which the embeddings encode), and predict its ATE.

According to the hypothesis tests in Section 4.6.2, however, we have significantly more heterogeneity than

this. The pooled case is accordingly at least somewhat more difficult than just predicting the ATE, even if

the within-experiment prediction task that does not depend at all on ATE prediction is harder (as lower

performance there shows). Pooled-dataset Qini will provide a stricter test in the following sections, where

demographics and entire experiments in the test set are held out from the training distribution.

Notably, the M3 model in particular performs well at both pooled- and individual-dataset Qini

evaluations. The training objective, which matches moments within the minibatch, does not just teach the

model to learn the ATE, because we use mini-batch gradient descent and further sample subsets of each

batch. It pushes the model, in other words, toward being able to accurately line up the differences in means

across arbitrary subsets. This optimization pressure ought to, and from our results apparently does, lead

to improvement in multiple components of prediction: experiments’ ATEs, prediction of responsiveness

within an experiment, and even prediction of relative responsiveness across experiments.

All in all, these experiments fulfill our goal for this section: Demonstrating that our modeling approach

is capable of learning generalizable information about treatment heterogeneity across experiments. This

finding in the within-distribution setting adds credibility to either positive or negative results in the

following section’s cross-dataset and cross-demographic experiments. It has two additional benefits:

• Validating the moment-matching loss as a viable option for improving HTE modeling performance

with neural models. Future work should compare this objective to other models, such as doubly

robust estimation methods.
317

• Demonstrating a way to learn not just how responsive a subject will be to a treatment, but which of

several treatments the subject will respond best to. The out-of-sample predictions of our models, as

evaluated by the pooled-dataset Qini coefficient, demonstrate good performance at this task.
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5.4 Generalization: Cross-Experiment and Cross-Demographic
Next we move on to perhaps the most ambitious set of experiments in this dissertation, testing whether

there’s a useful degree of generalization across experimental contexts and subject populations. An affir-

mative answer would have obvious practical and theoretical value. Building on the validation of the M3

objective in the previous section, we employ it here as well and also compare to the MSE-only variant.

5.4.1 Data Splits and Training Details

We use exactly the same training setup as for the within-distribution experiments (Section 5.3.5). Only the

way train, test and validation splits are created differs:

Cross-Experiment We randomly split the set of 28 experiments into a train set of 18 train experiments

and 10 test experiments. The train experiments were further split randomly at the subject level, without

regard to experiments, into an 80% train set and a 20% validation set. The test set is thus entirely

experiments the model has not seen during training. We generated three independent such splits and

report the average results over all of them in the next subsection.

Cross-Demographic We take three demographic variables present in all experiments and dichotomize

them: race, into white and non-white; sex or gender, into male and female; and political party, into

Democrat and Republican. Any subject without a value for these variables (or who identified as an

independent, third-party, etc, for party) is dropped. For each variable, we train twice, with each group

providing the training set (out of which we split a 20% validation set as above) and the other group

the test set. There are thus six models all told, each evaluated on a subject population it has not seen

during training.

5.4.2 Results

This is a considerably harder prediction task than the in-distribution case of Section 5.3, and performance

is correspondingly lower. In fact, as can be seen in Table 5.2, the test-set loss values are systematically higher

than in the in-distribution case. The model has acquired less generalizable knowledge, plausibly because

there is simply less of it to acquire.

HTE prediction performance in the pooled case, while lower, is still nontrivial, with the cross-dataset

pooled Qini (the lowest) reaching a value of 0.220. Combined with much lower individual-dataset Qini

coefficients, this implies that the model has acquired some ability to predict the effects of treatments and

relative responsiveness to them, but little if any of the finer-grained ability to predict how responsive

different people will be to the same treatment. We also observe mostly better performance, in 5 out of 6

cases, from the models trained with the MSE + M3 objective compared to the MSE-only one.

How to interpret this result is not entirely clear: The models have learned something during training,

but the absolute level of generalization is worse than in our other experiments. Because the ceiling on
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(a) Average Qini curve (across runs) over pooled datasets.

(b) Average Qini curve (across runs and datasets) over individual datasets.

Figure 5.4: Average test-set performance of the S-learner (with both MSE and minibatch moment-

matching objective). We show results on all three sets of generalization experiments, where train/test splits

are given by, from left to right, random sampling within each dataset (“in-distribution”), demographic

variables, and entire datasets. Qini coefficients over pooled datasets (top) correspond to the pooled training

task, and reflect both within-experiment HTE prediction performance and the ability to learn to predict

responsiveness to different treatments. Average individual-dataset Qinis reflect only the ability to learn

to predict response within each experiment. Generally better performance in the pooled case indicates

that average treatment effects and relative responsiveness to treatments can more easily be predicted from

training on other similar subjects, demographics or experiments than can individual-level responses within

a fixed treatment.
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In-Distribution Demographic Cross-Dataset

Pooled Qini (MSE + M3) 0.396 0.252 0.220
Pooled Qini (MSE) 0.393 0.309 0.213
Δ 0.003 −0.057 0.007

Indiv. Qini (MSE + M3) 0.260 −0.005 0.047
Indiv. Qini (MSE) −0.063 −0.343 0.023
Δ 0.323 0.348 0.024

Loss (MSE + M3) 1.245 1.389 1.397
Loss (MSE) 0.868 0.950 0.976

Table 5.2: Test-set performance of models with and without the moment-matching loss term from the

in-distribution, demographic and cross-dataset fine-tuning experiments. These results average over three

runs each for in-distribution and cross-dataset, and over all tested demographics for the demographic

experiments. The results demonstrate generally better performance from the models with the M3 objective,

and a practically useful level of prediction ability in all pooled cases and the in-distribution individual-Qini

case. The absolute level of performance, however, is low for all models in the individual-Qini demographic

and cross-dataset experiments.

performance in this setting is unobservable (see Section 4.5.1), we can’t tell how far away these results are

from optimal, and whether better models might achieve better results. While our findings have theoretical

value — we find at least some generalizable knowledge about opinion change can be learned across datasets

and experiments – they suggest the need for further investigation to clarify how much, if any, additional

generalization is possible and in what experimental settings.

5.5 Conclusion
These results provide further demonstration that transfer learning can improve performance at predicting

opinion change, and provide several practical ways to do so.

First, we observe improved performance from fine-tuning on contemporaneous news data, both in

HTE and ATE prediction tasks. The details can be tricky, as with the impairment of instruction-following

performance from our fine-tuning process, but the possibility of large performance gains is clear. This is

useful for the practical task (in politics, marketing, and indeed also research) of predicting who will be

most persuaded by an intervention, and also for what it says theoretically. Such results lend support to

views like those of Zaller
39

(and agree with other pieces of empirical evidence
3
) which stress the role of

context and especially media in influencing opinion formation. If, in other words, knowing what’s on the

news help a model learn how people change their opinions, that same information may be helping people

themselves do so. Now, of course, few people in our experimental datasets will be obsessive consumers of

multiple news channels, but processes of social influence and diffusion
5

can reach even those who are not

directly exposed to opinion-leading parts of society.
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Our results on transfer learning between experiments and types of subject are more equivocal. We

find training on disjoint experiments and subject types yields little if any improvement in performance in

HTE prediction within an experiment, and a more moderate amount in the pooled setting. Combined

with the predictability of opinion change from within-experiment training data (Section 5.3) and other

kinds of data (like news), these results argue against a thoroughgoing version of the “persuasion in parallel”

hypothesis
48

and for more contextually dependent views.
50

Our experimental datasets, on average if not

always individually, have a statistically significant amount of heterogeneity to predict (see Section 4.6), but

the information that is most predictive is broad real-world context: language model pretraining corpora

and bulk news coverage.

This chapter has also made some technical contributions:

M3 loss for HTE prediction The M3 objective (for minibatch moment-matching) we’ve developed

and tested here performs well at both within-experiment and cross-experiment HTE prediction, as

shown in Section 5.3. Though there is related work, this objective is to the best of our knowledge

novel. We find that adding this term to the usual regression loss markedly enhances the S-learner’s

performance in predicting heterogeneity. Applying it to larger models or batch sizes, where GPU

memory would become constraining, does pose some engineering challenges. Multi-pass out-of-core

accumulation techniques, which have been used for other cases of training neural nets on batch-level

objectives,
318

may be useful.

Predicting relative responsiveness to different treatments The pooled-Qini evaluation in Sec-

tion 5.3.6 demonstrates that models trained on experiments can perform well in the widely encountered

problem of predicting out-of-sample which subjects will respond best to which treatments. We ob-

serve nontrivial performance here in both in-distribution settings and extrapolation to other kinds of

subjects and other experiments.

A final practical takeaway from our results both here and in Chapter 4 is the sensitivity of HTE

prediction performance. It is possible to do well at this task, indeed to do much better than classical

baselines, but it is not simple. Details matter, and apparently similar methods can have sharply different

results. More research is needed into the causes and extent of this phenomenon.
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Chapter 6

Conclusion and Future Directions

6.1 Summary of Contributions
Our work in this dissertation makes both substantive and methodological contributions, from demon-

strating faster and more outraged news cycles on social media to developing LLM-assisted methods to

predict opinion change. We summarize these contributions briefly in this chapter. (Note that Section 6.1.1,

as with Chapter 3, was adapted from the published paper about these results.
194

)

6.1.1 Media and the News Cycle

The rapid evolution of the Internet is reshaping the media landscape, with frequent claims in both

academic and popular sources of an accelerated and increasingly outraged news cycle. We test these claims

empirically, investigating the dynamics of news spread, decay, and sentiment on Twitter (X) compared

to US talk radio. We analyze data from 2019 to 2021, including 518,000 hours of radio content and 26.6

million tweets by elite journalists, politicians, and general users. Our automated event detection methods

identify 1,694 news events.

We find that news on Twitter consistently both circulates faster and fades faster. These patterns are

consistent across various robustness checks: We find similar results from a set of manually identified

keyword-based events, breakdowns of the data by ideological affiliation, and matched triples of events

(intended to reflect the same real-world occurrence) across elite journalist/politician Twitter, general

firehose Twitter and radio. Our comparison of the rate of decay of attention to news is to our knowledge

the first such large-scale study for Twitter and traditional media.

We also find that Twitter news is more negative and outraged compared to radio, with Twitter outrage

also more short-lived. To the best of our knowledge, this is also the first large-scale comparison of outrage

between Twitter and traditional media, and the finding that Twitter is significantly more outraged and

negative has implications for media regulation and platform design. Also relevant is our finding that

differences in the lifecycle of outrage between media occur almost entirely at the level of events, rather

than within events: Twitter as a platform selects for different kinds of stories than radio, ones which are
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more outraged up front.

Our results illustrate an important way social media may influence traditional media: framing and

agenda-setting simply by speaking first. As journalism evolves with these media, news audiences may

encounter faster shifts in focus, less attention to each news event, and much more negativity and outrage.

6.1.2 Heterogeneity Prediction, Generalization, and Opinion Change

Our work in Chapter 4 and Chapter 5 shows that generalist foundation models, both zero-shot and with

further training, offer a powerful paradigm for causal inference in social science settings. Chapter 4 explores

the capabilities of off-the-shelf models, while Chapter 5 drills down on which kinds of pretraining data are

most helpful to this task and explores training strategies and objectives.

Predicting individual and average treatment effects. Our most important result is that using

only a pretrained language model, data about the respondents and a survey instrument, one can obtain

excellent zero-shot performance at predicting both heterogeneous treatment effects (HTEs) and average

treatment effects (ATEs). The findings about average effects agree with and reinforce recent research on

that question,
50

and those about heterogeneous effects break new ground. Our zero-shot HTE predictions

substantially and significantly outperform an ensemble of strong but data-hungry baselines that do not

leverage world knowledge acquired from a pretraining corpus. The baselines max out ATE prediction

performance, of course, because estimating a difference-in-means from a substantial amount of data is not

difficult. HTE prediction and zero-shot ATE prediction are much harder tasks, ones our methods excel at.

In other words, we’ve demonstrated methods with greater statistical efficiency. Both ATEs and HTEs

can be learned from enough data, but conducting field experiments and randomized trials is expensive.

Methods which can substitute for these experiments, or reduce the size of those that need to be conducted,

have considerable value.

We also find some puzzling aspects of LMs’ performance at these tasks, which ought to spur further

research. In our experiments, post-training sometimes degrades performance, larger models do not always

perform better, and there are even cases of inverse compute scaling. We also find, consistently across

many analyses, that ATE and HTE prediction performance are almost totally uncorrelated, with the most

plausible explanation being that they simply draw on different model capabilities. All of this points to the

need for deeper investigation of which techniques and data matter most in causal-inference tasks.

Training on bulk news data. The results above clearly show transfer learning from the language

models’ pretraining data to ATE and HTE prediction tasks. Further experiments in this dissertation took

up the closely related question of which datasets, as training data, generalize well to these tasks. We explored

two kinds of data with strong theoretical motivation: bulk news coverage and other experiments. These

analyses also explore the important technical question of which architectures and training setups are

able to leverage these datasets for improved performance. For news, we find that fine-tuning in the usual

self-supervised autoregressive way on contemporaneous news coverage is extremely effective at boosting
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both the ATE and HTE prediction performance of language models. News tuning takes one of the worst-

performing models in chapter 4 (Llama3 8B Instruct) all the way up to the best HTE performance observed

in any of those experiments, a very large and practically useful improvement. Large and consistent effects are

observed in many configurations: training on all available data and evaluating on all respondents, training

on Fox and evaluating on Republicans, training on MSNBC and evaluating on Democrats, and best of all

ensembling these three models to evaluate on all respondents. There are still some technical difficulties

to sort out, including the ablation of instruction-following performance we observed in Section 5.2. But

these are not showstopping problems, and the main takeaway is the both practical and theoretical value of

showing that news coverage is a strong predictor of opinion change.

Transfer learning from other experiments and kinds of subjects. Our experiments on transfer

and generalization between experiments and kinds of subject find more mixed results. We conducted first

a phase-1 study to demonstrate that models could learn to predict heterogeneous effects out-of-sample

but in-distribution, with test sets randomly split off from a pooled group of experimental datasets. In the

course of doing so, we develop and introduce a novel training objective (‘M3’) for neural HTE estimation,

based on a moment-matching loss within each minibatch.

We evaluate these models in two ways: pooled evaluation with the Qini coefficient over all experiments

at once, and with the average of performance on each dataset at a time. Pooled evaluation tests a broader

array of abilities: simultaneously ATE prediction, experiment-level responsiveness prediction for subjects,

and within-experiment heterogeneity prediction relative to the ATE. But because the within-experiment

prediction task is the hardest, pooled evaluation is less challenging than the simpler, stricter task of within-

experiment HTE prediction. Both are practically relevant, with the pooled case testing in particular the

ability to predict how well different subjects will respond to different treatments.

The first, in-distribution phase was a clear success: We find first that our M3 objective increases

performance compared to a baseline model which did not use it, and also that the model trained with it

can effectively predict heterogeneous effects. Performance is better when pooling over experiments than

when evaluating within single experiments, but is nontrivial for both. The model without the M3 loss

term performed well only in pooled evaluation, not in the stricter individual-dataset case.

The second phase tested models both with and without the M3 loss term on out-of-distribution

generalization, with test sets composed of entire held-out experiments and held-out demographic groups

within experiments. In this case, there is also a nontrivial (though smaller) degree of transfer in the easier,

but still practically relevant, pooled evaluation, with our models having acquired some ability to predict

which subjects are most responsive to which treatments. The harder case of HTE estimation within

experiments works better than chance only in-distribution; in these extrapolation experiments, we do not

find any generalizable knowledge transferring across datasets or kinds of subjects.
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6.2 Limitations and Future Work
While the work presented in this dissertation makes real contributions (as discussed just above), it also has

some real limitations. Addressing them provides several natural jumping-off points for future work.

6.2.1 Media and the News Cycle

The limitations of our work on the news cycle are about scope and causality: We’ve exhaustively examined

and tested differences in the news cycle between media, but only for certain media and time periods, and

we can’t say for sure why these differences exist. Future work should pick up both threads. In particular:

Scope of media The work in this dissertation uses only one social media site and one broadcast

medium. The work would be stronger, and future work should replicate our analysis, with data from

more social media services as well as broadcast and cable TV.

Recent changes We have limitations of temporal scope as well. Twitter, now X, is rapidly changing

and many new platforms like Mastodon and Bluesky are appearing and growing, but these changes

came after the end of our data collection period. How well do our conclusions hold in this new world?

In particular, does the existence of several Twitter-like services interacting with each other give rise to

interesting new dynamics?

Cross-medium influence A natural hypothesis in light of our results is that Twitter’s faster news

cycles give it (or gave it) influence over other media, and propagated its biases out to their coverage

of events. But we can only speculate about this form of intermedia agenda-setting, and future work

should address the question more definitively.

Causes of greater speed We are also unable to say much about the causes of faster news cycles

and more rapid forgetting on Twitter. Some features of the platform must make this happen, but

we have not explored which ones it is. Some possibilities include the existence of an algorithmic

recommendation system, the very short nature of the posts (280 characters during this period), and

the extremely low friction of sharing others’ messages. Future work should take up these and other

possibilities and try to answer this question.

Causes of negativity Similarly, the origin of Twitter’s much greater propensity to negativity and

outrage than radio is unclear. There are plausible guesses, some of which we’ve discussed in Chapter 3:

in particular, a reinforcement process involving audience interaction with journalists, and shorter

story lifecycles selecting for outrage. But we have not carefully examined this question, and it would

be a very valuable one for future work to take up.

Overall, this work points toward and suggests the need for a science of online platform design. System-

atic, empirically informed but theoretically grounded, interdisciplinary investigation into how platforms’
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features influence their cultures would pay large dividends. It is possible that the platforms themselves

have already done some of this work, but if so (as with Wall Street research on trading strategies) they have

not published much of it. Other researchers should fill in this lacuna in the public literature, which would

be useful for both science and policy.

6.2.2 Heterogeneity Prediction, Generalization, and Opinion Change

Our work on persuasion and opinion change also has some natural next steps that would address its

limitations:

Scaling behavior and variable performance The unusual and sometimes inverse scaling behavior

observed in Chapter 4 is in need of further research and explanation, as is the variability in perfor-

mance between different models. Pulling on these threads may provide both practical performance

improvements and greater insight into the underlying mechanisms of opinion change that models

learn.

Interpretability Similarly, we have made only limited efforts to understand what happens within

the models as they perform these prediction tasks. Interpretability tools may help illuminate how they

make predictions, and when or whether they can be used as models of human psychology. How much

the internals of the models accurately represent human response to persuasion would be a valuable

question to explore.

Binary treatment Our work has considered only dichotomous treatment (a control group with

a single treatment group), which are simpler and more tractable than general experimental designs.

Future work ought to take up this question and develop methods aimed at more complex designs,

including such settings as ordinal treatment (e.g., dosage levels) and conjoint experiments.

Observational settings We have considered experimental settings here, but randomized experiments

are difficult and expensive to conduct. Does an LM with general world knowledge from pretraining

also make it easier to do observational causal inference? The most obvious way for such world knowl-

edge to be useful is more efficient inference of the assignment mechanism, either with lower bias or

lower variance or both. Future work might attempt to use LLMs for propensity score estimation in

observational settings, though validating the inferences drawn would be difficult.

From persuasion to persuasiveness: improving generation Our work has not targeted the gen-

eration performance of the model or tried to optimize the text it generates for persuasiveness. In

practical terms, we have not provided much of an aid to writing persuasive messages, only to testing

and targeting them. Future work might attempt to tune LMs so that they speak persuasively in some

context, leveraging supervision from experimental datasets. Relatedly, one might try to optimize a par-

ticular starting message. There are, of course, potentially serious ethical issues with training language

models to be persuasive. This limitation of our work is not necessarily a real drawback, and future
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work should think carefully about whether to pursue this line of reasoning and how any harms can be

mitigated or prevented.

Our work on opinion change fits into a broad recent literature on the use of language models as

simulated participants, subjects or agents, which attempts to study human behavior in silico. For opinion

change in particular, these results suggest the possibility of simulated message tests and other uses of LMs

similar to the way medical research uses animal studies. Hypothesis generation and iteration may become

easier and cheaper than they currently are.

6.3 Data and Code Availability
Analysis code and replication data for the news-cycle analysis of Chapter 3 are available in the repositories

provided with the original publication. For the code, that’s https://doi.org/10.6084/m9.figshare.24546400;

for the data, https://doi.org/10.6084/m9.figshare.24454777. See the published paper for more information.

For the causal-inference work of Chapter 4 and Chapter 5, analysis code and replication data will be released

after publication. Code will be available at https://doi.org/10.6084/m9.figshare.28929302 and data at

https://doi.org/10.6084/m9.figshare.28929296.

6.4 Ethical Considerations
No human-subjects issues arise in any of this work, because our datasets either did not involve human sub-

jects (the Twitter, radio and cable-news data of Chapter 3 and Chapter 5), or were anonymized replication

data (the experimental datasets of Chapter 5). Given the highly public nature of radio, cable television

and Twitter, we do not believe there are important privacy concerns to address in connection with those

datasets which were not anonymized upfront. We have addressed copyright and contractual obligations

by not releasing the full raw data for Twitter, radio and cable-news datasets. See the published news-cycle

paper for more information.
194

In addition to their research value, we hope that greater insight into news-cycle dynamics and processes

of opinion change can have social benefits through more informed policymaking and discourse. The work

of Chapter 4 and Chapter 5, however, requires more careful attention to its ethical implications. While any

work on tools for enhancing persuasion raises some ethical questions, we considered these questions and

ultimately concluded that this work met the bar. First, and most importantly, people cannot be simply

mind-controlled: Persuasive effects are typically not large. As shown in Table 4.1, most treatments do

not make for large changes of opinion (nor are such changes necessarily lasting). The typical practical

application of methods like those we study here is to optimize a nudge of some kind: to vote, to buy a

product, even to take a vaccine. The fact that we can accurately predict the effect of a treatment does not

imply, necessarily or usually, that the effect is large.

Moreover, HTE estimation methods already exist and are widely used in industry; while our work

improves upon these methods, it builds on what came before. Conversely, we believe that the methods
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and results in Chapter 4 and Chapter 5 have much greater scientific value: If LLMs can be used as in-silico

proxies for humans, we can far more easily study aspects of opinion change that are difficult or expensive

to study with humans.

It is, of course, possible that better understanding of how persuasion works may allow various kinds

of bad actors to be more persuasive. (For example, in silico trials of persuasive messages may allow more

accurate selection of effective ones.) This potential for misuse must be weighed against the benefits to

prosocial and morally neutral applications. Indeed, technology never has a straightforward moral valence,

but rather can always be used for good or ill. Exactly this potential for misuse provides an additional spur

to research: Bad actors will (by definition) not unilaterally avoid misusing technology, and there is social

value in understanding and being prepared for whatever is possible.

6.5 Discussion
The results we’ve shown in this dissertation contribute to a number of areas of research, from political

science (the study of public opinion) to computer science (the study of language models) to the interdisci-

plinary field of causal inference. Each of these areas bears in a different way on the questions addressed here,

and we hope that our results can prove useful to a diverse set of research communities. Further research,

indeed, is needed; rapid change in media ecosystems and in the capabilities of language models mean that

what was known yesterday may need to be updated for tomorrow.

Research on the path we pursue in Chapter 4 and Chapter 5, in particular, can contribute to an

ambitious goal: building useful foundation models and inference techniques for causal tasks, especially in

social-science settings. These models do not need to learn a hypothetical, and unlikely, general common

factor of persuadability, and indeed are more useful if there is no such factor. The more opinion change

depends on context, the greater value there is in distilling much of the context into a usable computa-

tional artifact. Such models could help considerably with predicting response to various interventions,

accelerating and reducing the cost of research, and (for our purposes) allowing more effective in-silico

tests of theories about opinion change. Making progress on such an agenda obviously requires exploring

useful datasets and data mixtures, and figuring out which ones contribute to good performance on which

tasks. Because (unlike with next-token prediction) counterfactual outcomes aren’t observable, it also may

require exploring different training objectives. Our work in this dissertation contributes to both areas.

Nor can the media upstream of these opinion-formation processes be ignored. The influences on

opinion formation come from all throughout society, but the rubber meets the road in the increasingly

digitized ways people interact with each other. As these platforms develop further and their social impacts

become more apparent, research can help inform regulation and platform design. We hope that this work

takes a useful step in that direction.
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Appendix A

Speed and Sentiment of News: Further
Details and Robustness Checks

Here we provide further details, plots and breakdowns for the robustness checks conducted in Chapter 3,

as well as one additional check in Section A.1. See the main discussion of results in Section 3.5 for the

context this work fits into. The analysis in Section A.1 was first published in the supplementary information

to a 2024 article by Brannon & Roy.
194

The analysis in the subsequent sections, presenting robustness

checks for Chapter 3, has not previously appeared elsewhere. Though the results are novel, as in Chapter 3

a small amount of text here may have previously appeared in the MS thesis that first developed a similar

dataset.
195

A.1 Twitter-Radio Structural Similarity
Our first robustness check aims to demonstrate that elite Twitter and radio represent similar underlying

social and information-disseminating structures. We would expect them to: Both media are part of the

same tightly coupled world of political and journalistic elites, and ought to reflect a common (partially

offline) social world. Our analysis finds exactly this, providing reassurance that slower decay on radio is an

effect of the medium rather than an artifact of differences between our datasets. Our results are therefore

not just about measuring differences between who is active on these media. In order to get a closer match

between the collection times of radio speech and the Twitter follow graph, the analysis below uses only

2019 and 2020 data.

Concretely, we compare the elite Twitter follow and mention graphs to the coairing graph for radio,

in which two shows are connected if they air on the same radio station (within a week of each other, a

restriction intended to minimize the impact of errors in webscraped schedule data). This graph, which

does not depend on the content of shows, reflects corporate syndication and programming decisions, and

we view it as an observable analog of the Twitter graphs. It embodies the same social and informational

aspects
99

as Twitter: Hosts whose shows air on the same station are more likely to have professional

connections than random host pairs, and corporate programmers have clearly judged that such shows are
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Figure A.1: Relationships between SimRank similarity scores for all pairs of non-isolated nodes in the

follow, mention and coairing graphs on shows. The leftmost two plots compare coairing SimRank to

follow-graph and mention-graph SimRank; the rightmost plot illustrates a baseline comparison of two

configuration-model graphs having the same degree distributions as the follow and coairing graphs. Note

that because SimRank is uninformative for nodes with no edges, all comparisons exclude show pairs in

which either show was an isolate in either graph being compared. (Isolates are, concretely, shows whose

associated Twitter accounts followed or were followed by no other shows’ accounts, and analogously for

mention and coairing graphs.) The follow-coairing comparison thus includes 54 shows or nodes out of 67,

while the mention-coairing comparison includes 51; note that a larger sample of shows would be expected

to include more social context and produce fewer isolates. For comparability with the undirected coairing

graph, we ignored edge directions in computing follow and mention SimRank scores. One outlier show

pair has also been excluded from each of the two left panels (though not the 𝑟2 calculations) for ease of

visualization.

similar enough to be of interest to the same audience. If we were comparing to follow or mention graphs

involving the shows’ audiences, the relationship might plausibly run the other way, with shows similar on

Twitter because they air on the same stations and thus acquire the same listeners. Using Twitter data for

elites instead mitigates this confounder.

The full coairing graph contains 785 nodes, one for each show in the 2019/2020 portion of the final

radio corpus, connected by 21,927 edges. The graph has two connected components: one with 11 shows,

from a radio station in Detroit which airs only local content, and another with the other 774 shows from

all other stations. To allow a clean comparison with Twitter, we analyze only the Twitter-matched coairing

graph: the subgraph over shows which have been matched to Twitter handles, all of which are in the

larger component. For brevity, we refer to this graph simply as “the coairing graph” below. There are 67

Twitter-matched shows in total.

The coairing graph has quite similar structure to both the follow and especially the mention graphs.

In addition to certain summary statistics presented in Table A.1, we demonstrate this similarity with

the SimRank node similarity algorithm.
319

SimRank generates similarity scores for pairs of nodes in a

graph, with nodes more similar the more they occur in similar contexts in the graph. Figure A.1 compares

SimRank scores for all pairs of nodes in the coairing graph with two other sets of SimRank scores from
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Coairing Follow Mention

Statistic

Order (# nodes) 56 55 52
Size (# edges) 434 370 343
Average degree 15.50 13.45 13.19
Transitivity 0.67 0.53 0.57
Avg. Clust. Coef. 0.77 0.60 0.65

Table A.1: Summary statistics of the follow, mention, and coairing graphs for the set of Twitter-matched

shows, demonstrating a substantial degree of similarity. These statistics cover the large connected compo-

nent of each graph, omitting a few shows out of the full 67 which were isolates.

the follow and mention graphs over radio shows. (Recall that we aggregated the follow and mention

graphs over the 203 radio-linked Twitter accounts, or “radio accounts” for short, up to the level of shows.)

Coairing SimRank is strongly correlated with follow and especially mention SimRank, much more so

than in a configuration-model baseline, highlighting that shows are in similar social and informational

positions on Twitter and on air.

In particular, coairing SimRank is strongly bimodal, with two clear clusters visible above and below a

threshold value of about 0.15. Manual inspection suggests these clusters divide along left-right ideological

lines: similar pairs are mostly those where both shows are conservative or both are liberal. Follow-graph

and especially mention-graph SimRank, while less ideologically polarized, replicate much of this structure.

A.2 Event Lifecycles by Year
Section 3.5.1 describes a consistent pattern in which elite Twitter has the fastest event lifecycles, followed

by the firehose, followed by radio (with the single exception of Covid-related events in 2020). We noted

that the results are similar if events are broken down by year, and indeed they are: The breakdown by year

is shown in Figure A.2 for empirical CDFs and empirical PDFs, and in Table A.2 for statistics of relative

times, with consistent results (except for 2020 Covid-related events) in all three years.

A.3 Matched Events
As shown in Figure A.3, the empirical CDFs of mentions of the (elite, radio, firehose) matched triples of

events reinforce the results presented in Section 3.5.2 and find that elite Twitter discussion rises and falls

faster than radio discussion, with (except for 2020 Covid-related events) firehose discussion intermediate

between the two.
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Figure A.2: Average empirical CDFs and PDFs of mentions of the automatically detected events (as in

Figure 3.2), broken out by year.
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𝑡-stat. df 𝑝-value

Year Corpus 1 Corpus 2 Metric

All Elite Radio Avg. −35.07 1192 < 10−5

All Elite Radio Std. −28.06 1192 < 10−5

All Elite Firehose-C Avg. −17.91 1397 < 10−5

All Elite Firehose-C Std. −18.77 1397 < 10−5

All Elite Firehose-A Avg. −21.33 1562 < 10−5

All Elite Firehose-A Std. −22.46 1562 < 10−5

All Firehose-C Radio Avg. −10.24 463 < 10−5

All Firehose-C Radio Std. −5.26 463 < 10−5

All Firehose-A Radio Avg. −1.46 628 0.14365
All Firehose-A Radio Std. 1.39 628 0.16476

2021 Elite Radio Avg. −11.63 139 < 10−5

2021 Elite Radio Std. −9.75 139 < 10−5

2021 Elite Firehose-C Avg. −8.16 176 < 10−5

2021 Elite Firehose-C Std. −8.87 176 < 10−5

2021 Elite Firehose-A Avg. −8.16 176 < 10−5

2021 Elite Firehose-A Std. −8.87 176 < 10−5

2021 Firehose-C Radio Avg. −3.29 107 0.00132
2021 Firehose-C Radio Std. 0.17 107 0.86114
2021 Firehose-A Radio Avg. 3.29 107 0.00132
2021 Firehose-A Radio Std. 0.17 107 0.86114

2020 Elite Radio Avg. −26.98 617 < 10−5

2020 Elite Radio Std. −19.60 617 < 10−5

2020 Elite Firehose-C Avg. −7.58 602 < 10−5

2020 Elite Firehose-C Std. −7.99 602 < 10−5

2020 Elite Firehose-A Avg. −21.16 767 < 10−5

2020 Elite Firehose-A Std. −22.53 767 < 10−5

2020 Firehose-C Radio Avg. −7.55 89 < 10−5

2020 Firehose-C Radio Std. −4.08 89 < 10−5

2020 Firehose-A Radio Avg. 1.51 254 0.13179
2020 Firehose-A Radio Std. 3.58 254 0.00041

2019 Elite Radio Avg. −26.37 432 < 10−5

2019 Elite Radio Std. −23.45 432 < 10−5

2019 Elite Firehose-C Avg. −12.89 615 < 10−5

2019 Elite Firehose-C Std. −12.70 615 < 10−5

2019 Elite Firehose-A Avg. −12.89 615 < 10−5

2019 Elite Firehose-A Std. −12.70 615 < 10−5

2019 Firehose-C Radio Avg. −7.51 263 < 10−5

2019 Firehose-C Radio Std. −5.30 263 < 10−5

2019 Firehose-A Radio Avg. −7.51 263 < 10−5

2019 Firehose-A Radio Std. −5.30 263 < 10−5

Table A.2: Results of all hypothesis tests for differences between corpora in means (“Avg.”) and standard

deviations (“Std.”) of within-event relative times, as discussed in Section 3.5.1. Negative 𝑡 statistics indicate

corpus 1 has a lower value than corpus 2, while positive 𝑡 statistics indicate the reverse. “Firehose-A” indicates

the entire firehose corpus, and “Firehose-C” the corpus excluding 2020 Covid-related events.
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Figure A.3: Average empirical CDFs and PDFs of mentions of the (elite, radio, firehose) matched triples

of automatically detected events. Results for all 38 triples and their 114 constituent events are shown.

A.4 Ideological Breakdowns
Figure A.4 shows average empirical CDFs and empirical PDFs of mentions of the automatically detected

events, broken down by ideology. Figure A.5 further breaks down by year, as well as by ideology. The

estimates shown in both figures reinforce the conclusions drawn in Section 3.5.4: elite Twitter discussion

is systematically faster than on radio, among both liberals and conservatives and across all three years of

our datasets.

A.5 Affect Levels
We show item-level average scores for our affect metrics in Figure A.6. Results are quite similar to those

shown in Figure 3.5, with firehose Twitter consistently the most negative, emotional and outraged, radio

the least, and elite Twitter in between.
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Figure A.4: Average empirical CDFs and PDFs of mentions of the automatically detected events in elite

Twitter and radio, broken out by ideology over all three years.
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Figure A.5: Average empirical CDFs and PDFs of mentions of the automatically detected events in elite

Twitter and radio, broken out by ideology and by year.
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Figure A.6: Item-level average scores for our three affect metrics. The underlying item-level scores are

probabilities, and range from 0 to 1. 95% confidence intervals are shown. Note the similarity of the patterns

shown here to those at the story level in Figure 3.5.
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Appendix B

Predicting Treatment Responsiveness:
Further Details

B.1 Experimental Datasets
Here we provide additional details about the datasets used for analysis in Chapter 4 and Chapter 5.

B.1.1 Dataset Repository IDs and Citations

Table B.1 provides repository IDs for our datasets where applicable, and cites relevant papers, books or

other sources.

Table B.1: References and repository IDs for the experimental datasets listed in Table 4.1 and used for

analysis in Chapter 4 and Chapter 5.

Dataset TESS ID OSF ID Citations

B. & T. (2024) bolsenM6 yg958 [320, 321]

B. (2022) brownS80 3cbdj [322, 323]

C. & D. (2010) – – [48, 291]

D. et al. (2022) - Dem. newman1436 96rnk [297]

D. et al. (2022) - P.H. newman1436 96rnk [297]

D. et al. (2022) - Rep. newman1436 96rnk [297]

F. & U. (2023) faheyS78 ncs7k [324, 325]

F. (2011) flavin235 s2rd5 [48, 326]

G. & M. (2010) gash-murakami718 82xmd [48, 327]

G. (2024) groenendykS79 ar9e3 [328, 329]

G. & B. (2024) - Q1 groenendyk1419 fct42 [330, 331]

G. & B. (2024) - Q2 groenendyk1419 fct42 [330, 331]

G. & B. (2024) - Q3 groenendyk1419 fct42 [330, 331]

Continued on next page
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Table B.1: References and repository IDs for the experimental datasets.

Dataset TESS ID OSF ID Citations

G. & B. (2024) - Q4 groenendyk1419 fct42 [330, 331]

G. & B. (2024) - Q5 groenendyk1419 fct42 [330, 331]

G. & B. (2024) - Q6 groenendyk1419 fct42 [330, 331]

G. & B. (2024) - Q7 groenendyk1419 fct42 [330, 331]

G. & B. (2024) - Q8 groenendyk1419 fct42 [330, 331]

H. (2006) - Orig. hiscox136 sxryh [48, 292, 332]

H. (2006) - GfK hiscox136 sxryh [48, 292]

H. (2006) - MTurk hiscox136 sxryh [48, 292]

J. & B. (2016) - Orig johnstonbrief4 5yfgx [48, 333, 334]

J. & B. (2016) - MTurk johnstonbrief4 5yfgx [48, 333, 334]

K. & W. (2016) wallacebrief13 6mr9e [48, 335, 336]

L. (2018) levendusky741 nk9jd [337, 338]

M. (2021) Mutz886 ctf7p [48, 296, 339]

S. (2023) sahaS66 8khwt [340, 341]

W. (2023) wu1435 q9w6s [342, 343]

B.1.2 Dataset Prompts

All of our datasets, when rendered to text for input to a language model, start by informing the model of

the setting and personal traits of the survey respondent. Models which take a system prompt receive this

information as the system prompt. The prompt proceeds as follows, with the exact formatting available in

the source code for our experiments:

The year is {{ field_start_year }}, and you are a person in the US taking a survey

about politics. Here are some facts about you and the kind of person you are:

• {{ attribute1 }}: {{ value1 }}

• {{ attribute2 }}: {{ value2 }}

• {{ attribute3 }}: {{ value3 }}

• ...

As part of the survey, you will be asked questions, which start with ’Q:’; some questions ask

for open-ended answers and others are multiple-choice. Multiple-choice questions will list

numbered answer options. Please answer these questions by giving ONLY THE NUMBER

of your answer choice. For example, if the answer choices are 1: Support, 2: Neutral and 3:

Oppose, you might answer ’1’.

Survey follows:

and follow the final question with an "A: " on a new line.
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B.1.3 Persona Experiment Prompts

The persona-based or inference-time compute experiments discussed in Section 4.4.2 alter the prompts

given to models. We replace the instruction paragraph above with:

As part of the survey, you will be asked questions, which start with ’Q:’; some questions ask

for open-ended answers and others are multiple-choice. Multiple-choice questions will list

numbered answer options. For multiple-choice questions, you should answer all but the last

question in the survey by giving only the number of your answer. For example, if the answer

choices are 1: Support, 2: Neutral and 3: Oppose, you might answer ”1”.

The last question in the survey will be a multiple-choice question, and here you should do

something different: Please think step-by-step through your answer and explain why you’ve

chosen the answer you did. When you’ve decided what your answer is, the absolutely very

last thing of all that you write should be ONLY THE NUMBER of your final answer,

preceded by "=>". For example, you might write "=> 3" or "=> 4" – but without any periods

or quotation marks.

And then instead of "A: ", we follow the final question with the following prompt:

Please develop a full, paragraph-length persona for yourself, using the demographic character-

istics above, such that the paragraph would be informative about your view on the question.

You can be creative, making up new details and life experiences. After doing so, please explain

your thinking about the question, WITHOUT providing your answer. At the very end,

please provide your answer after "=>" (e.g., "=> A" or "=> D"):

B.2 Hypothesis Testing Methodology
The hypothesis tests discussed in Section 4.6 use a Monte Carlo resampling procedure laid out in Algo-

rithm 1. In brief, for each method we resample a number of uniform-random prediction vectors for each

dataset, compute the resulting Qini curves, average them across datasets to get the Qini coefficients, and

then compare the observed Qini coefficient from the method’s predictions to this resampled null-score

distribution. The test asks the question, conditional on the actual treatment assignment, of whether our

method’s scores find more heterogeneity in response to it than would be expected purely by chance. In

the terminology of Algorithm 1, we use 𝑁 = 1000 iterations and 𝑋 a grid of 101 evenly spaced points. We

perform six tests for six methods (baseline, text2text, persona, and three variants of RepReg), and apply

the corresponding Bonferroni correction to the significance thresholds.

Simulation-based tests like this have been used before in the uplift modeling literature,
344

but are not

universal and there is not a single consensus test to use. For an overview of Monte Carlo tests in general,

see Section 4.2 of Davison & Hinkley.
345
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Algorithm 1 Monte Carlo test for treatment-response heterogeneity

Input: datasets𝒟 = {𝐷1, . . . , 𝐷𝐾}, model scoring function 𝑠(·), iterations 𝑁 , common sample point

grid for Qini curves 𝑋
Output: observed Qini 𝑄obs, two-sided 𝑝-value 𝑝

1: procedure AggregateQiniCoef(𝒟, {𝑦𝑘}𝐾𝑘=1)

2: initialize 𝐶sum(𝑥)← 0 for all 𝑥 ∈ 𝑋
3: for all (𝐷𝑘, 𝑦𝑘) do
4: 𝐶𝑘 ← ComputeQiniCurve(𝐷𝑘, 𝑦𝑘)

5: 𝐶
(int)
𝑘 ← Interpolate(𝐶𝑘, 𝑋)

6: 𝐶sum ← 𝐶sum + 𝐶
(int)
𝑘

7: end for
8: 𝐶 ← 𝐶sum/𝐾
9: return ComputeQiniCoefficient(𝐶)

10: end procedure

11: initialize list 𝑄null ← []
12: for 𝑖 = 1→ 𝑁 do
13: for 𝑘 = 1→ 𝐾 do
14: 𝑢𝑘 ← UniformRandom(0, 1)|𝐷𝑘|

15: end for
16: 𝑄𝑖 ← AggregateQiniCoef(𝒟, {𝑢𝑘}𝐾𝑘=1)
17: append 𝑄𝑖 to 𝑄null

18: end for
19: for 𝑘 = 1→ 𝐾 do
20: 𝑦𝑘 ← 𝑠(𝐷𝑘) ◁ model’s actual scores

21: end for
22: 𝑄obs ← AggregateQiniCoef(𝒟, {𝑦𝑘}𝐾𝑘=1)

23:
̂︀𝐹 ← EmpiricalCDF(𝑄null)

24: 𝑝raw ← ̂︀𝐹(︀
𝑄obs

)︀
25: 𝑝← 2 min

(︀
𝑝raw, 1− 𝑝raw

)︀
26: return 𝑄obs, 𝑝
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B.3 Sketch of M3 Loss Implementation
The mathematical underpinnings of the M3 minibatch moment-matching loss developed in this thesis are

given in Section 5.3.3. Listing B.1 sketches the implementation of the core idea in numpy-like pseudocode.

Listing B.1: Numpy-like pseudocode for the core idea of our M3 loss

def compute_m3_loss(
preds, # Predicted HTEs of shape (B,)
labels, # True outcomes of shape (B,)
treatment, # Treatment indicator in {0,1} of shape (B,)
min_subset_size=2, # Minimum size of a subset to sample
subsets_per_size=1, # How many subsets to sample for each size

):
t_indices = (treatment == 1).nonzero()
c_indices = (treatment == 0).nonzero()
n_t, n_c = len(t_indices), len(c_indices)

# Start with full-batch CATE; we can always do at least this
pred_diffs = [preds[t_indices].mean() - preds[c_indices].mean()]
obs_diffs = [labels[t_indices].mean() - labels[c_indices].mean()]

# Can’t do anything else if not enough samples
if min(n_t, n_c) < min_subset_size:

return MSE(pred_diffs, obs_diffs)

# Sample subsets of appropriate sizes
for size in range(min_subset_size, min(n_t, n_c) + 1):

n_subsets = min(subsets_per_size, comb(n_t, size), comb(n_c, size))

for _ in range(n_subsets):
t_subset = random_sample(t_indices, size, replace=False)
c_subset = random_sample(c_indices, size, replace=False)

# Calculate predicted and observed CATEs
pred_diffs.append(preds[t_subset].mean() - preds[c_subset].mean())
obs_diffs.append(labels[t_subset].mean() - labels[c_subset].mean())

# Return MSE over all differences
return MSE(pred_diffs, obs_diffs)
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