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The Many Influences on Public Opinion

The real environment is altogether too
big, too complex, and too fleeting for
direct acquaintance.

-- Walter Lippmann


https://www.simonandschuster.com/books/Public-Opinion/Walter-Lippmann/9780684833279

Media Matters!

We shape our tools, and
thereafter they shape us.

-- John Culkin, summarizing McLuhan



https://mitpress.mit.edu/9780262631594/understanding-media/

So Does Psychology

Group ldentity Social Learning, Conformism Cross-Pressure

y—

Personal Identity Social Tdentities

Figarr | Poreood and sociall oniii.

And more! Opinion formation is complex


https://doi.org/10/d6gfsp
https://doi.org/10/cqxbtk
https://press.uchicago.edu/ucp/books/book/chicago/V/bo3616092.html
https://doi.org/10/dgwr
https://www.voterstudygroup.org/publication/opposing-forces

The Internet Has Changed This Process

Ideas spread between people

(see ) But! New social topology online (

), less media/social life distinction


https://www.danah.org/papers/2010/SNSasNetworkedPublics.pdf
https://www.danah.org/papers/2010/SNSasNetworkedPublics.pdf
https://www.routledge.com/Personal-Influence-The-Part-Played-by-People-in-the-Flow-of-Mass-Communications/Katz-Lazarsfeld-Roper/p/book/9781412805070

...and Made It Easier to Study
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They don't call it "web"-scale data for nothing!


https://arxiv.org/abs/2001.08361

LLMs: Really useful!
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Putting It All Together
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Speed and Sentiment
of News

Can we identify differences in news cycle speed and
sentiment, esp. outrage, between media? (SciRep ‘24)

(a{e})
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Media Is Changing

©2020- S 8205
OGDEM NEWRANRS

———

BE CAREFUL, KID. I LOOKED }

LIKE YOU LAST JANUARY AND
THEN I STARTED FOLLOWING
THE 24-HOUR NEWS CYCLE !

The news cycle has sped up
and gotten more negative.

New media are involved, but
how? What are their effects?

() i



Why Does This Matter?

Shorter news cycle + greater negativity

= weaker democracy?

New Introduction by Andrew Postman

From 1985: This is a longstanding concern

12


https://www.penguinrandomhouse.com/books/297276/amusing-ourselves-to-death-by-neil-postman/

Why Does This Matter?

Does social media have a first-mover advantage that
lets its biases influence journalism and discourse overall?

13



Media of Interest
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Specific Data Sources

.
Yy !
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+ Vv’
vy ,
yYyy
Elite Twitter Firehose US Talk Radio
2,834 national VIPs Random Sample 228 stations: talk and

public, 518k hours
,eo 15



What’s An Event?

Media events are defined via
media: a group of related
tweets or radio statements

Take-off

Fade-out

Time

16



Methodology: Detecting Events

Pretrained LM
Embeddings

Twitter or Radio
Statement Batch

Filter by Cosine
Similarity + Time

Finally, filter out
non-news events:
threshold centroids’
cosine similarity to
elite-Twitter events.

1,694 events

“x'”'x” - ? _)Eég e
B ox _ w

Form Graph,
Weight by Sim.

Louvain Community
Detection

See Laban etal (2017), Staykovskietal (2019) 17


https://aclanthology.org/W17-2701/
https://ceur-ws.org/Vol-2342/paper6.pdf
https://ceur-ws.org/Vol-2342/paper6.pdf

Methodology: Identifying Affect

Tweet / Radio Statement

o —

—>

Premise; ———

+

Hypothesis: “This
example is: [label]’

NLI

Pretrained LM

Probability

Meg Emo Outr

Affective State (States not mutually
exclusive)

Yin et al (2019) 18



https://arxiv.org/abs/1909.00161

Lifecycle of An Event

Elite Twitter rises and falls faster
than radio!

Firehose too, but: unusual stuff
during 2020 Covid discourse

Density

Pooled Empirical PDF
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Affective Biases

Consistently: Firehose > Elite > Radio

Medium effect: Elite + firehose are
both more negative, etc., than radio

Audience capture? Is the audience
rewarding negativity and thus
encouraging more of it?

0.8

0.7 1

0.6 1

Average probability
=
LA

e
=

0.3

0.2-

EEE Ffrehose
E Flite
B Radio

Negative

Emotional

Affect metric

Outraged
20



57

Conclusions

Faster news cycles on Twitter,

at start and end

Shrinking attention span,
) compressed discourse

More negativity and outrage

@(systematic bias)

21



Conclusions

Faster news cycles on Twitter,
at start and end a Shrinking attention span,

compressed discourse
More negativity and outrage
(systematic bias)

First large-scale data-driven comparison of outrage
between Twitter and traditional media!

22



Predicting Persuasion

Heterogeneous Treatment Effect Estimation via LLM

Can we use LMs to predict persuasion by messages
in experimental settings?

(RQ2)

23



What problem are we trying to solve?

/ The Challenge

C2

5]
.

People are always
trying to persuade
other people

But persuasion is
complicated,
contextual, hard to

understand
(See Hewitt 2024)

\

/ The Research Questio}

LLMs have knowledge

about the world and
people - can they
predict persuasion

response?

RCTs: randomization
\\ identifies the effect/



https://doi.org/10/gthwk6

Where Are We? Where Are We Going?

What's been done? @ But: Little work on pretraining! ¢
Political science persuasion literature
Survey + message-test experiments e Can LLMs let us run fast in silico
Classic experimental methodology trials?
(Eisher, Neyman, Rubin)
e Statistical HTE / TEE estimation - e Not a replacement for studying people:
(meta-learners, ) Like animal studies, for social science.

e Recent neural models (DragonNet)

co &


https://www.cambridge.org/core/books/cambridge-handbook-of-experimental-political-science/logic-and-design-of-the-survey-experiment/2F0D56B8B90D89EF50BC30D67F09C778
https://www.cambridge.org/core/books/cambridge-handbook-of-experimental-political-science/logic-and-design-of-the-survey-experiment/2F0D56B8B90D89EF50BC30D67F09C778
https://www.cambridge.org/core/books/cambridge-handbook-of-experimental-political-science/logic-and-design-of-the-survey-experiment/2F0D56B8B90D89EF50BC30D67F09C778
https://www.cambridge.org/core/books/cambridge-handbook-of-experimental-political-science/logic-and-design-of-the-survey-experiment/2F0D56B8B90D89EF50BC30D67F09C778
https://pubmed.ncbi.nlm.nih.gov/18175604/
https://en.wikipedia.org/wiki/Rubin_causal_model
https://www.pnas.org/doi/10.1073/pnas.1804597116
https://www.pnas.org/doi/10.1073/pnas.1804597116
https://www.pnas.org/doi/10.1073/pnas.1804597116
https://muse.jhu.edu/article/793356/pdf
https://arxiv.org/pdf/1705.08821

Formalism: Treatment Effect Estimation (TEE)

Consider a randomized experiment:
e Subjectsi=1, .., N
e Treatmentstatus T =0, 1
e Potential outcomes Y _i(0), Y_i(1)

We usually consider the ATE, but individual effects
matter too.

If treatment is textual (e.g. a survey experiment),

can we use LLMs to estimate 1,7

T:

3[Y (1) - Y(0)]

P = DY) - Yi0)

Average treatment effect

7 = E[Y;(1) — Y;(0) | X

Individual treatment effect (‘CATE function’)

26


https://doi.org/10/cqsb7s

Methods



Approach 1: Text2Text

You are.

Do you supportl- trade?

You are.
Do you supportl- trade?

Pretrained LM

——— > P(Yi|T: = 1) = 87.4%

Also a kind of T-
learner!

N

28



Approach 2: Persona-Based / Inference-Time Compute

You are. _ I am .
- . My ideas about [l are...
Do you support- trade?

You are. - . | am .
Do you support- trade? - ) My ideas about-
Pretrained LM -

> P(Y|T: = 1) = 87.4%

7 = 14%

> P(Yi|T,

0) = 73.4%

co %



Approach 3: Representational Regression

(T, =1} — “:“\TI

You are. Y,

——

Tree ensemble, lin. reg.,
MLP, ...

o o

Do you support- trade? -
7 = 14%

You are.
Do you suppori- trade?

Pretrained LM

co °



Evaluation

Evaluating these models is not straightforward

Why? The “fundamental problem of causal
inference”:. we don’t observe both potential outcomes

- - o -

<< [ I<] T Ix

[

Brier score,
MSE, AUC,
etc all suffer
from missing
data!

31



Conditional ATE

What does good performance look like?

— Overall ATE — Overall ATE — Overall ATE
0.4
0.2
= =
Y <
] ]
= =
(=] =]
= 004 =
= =
= =
o Q
L) LW
-0.2 - -0.2
-0.4 a -0.4
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
Score S-tile Score S-tile Score S-tile

X X

' Easy to understand but high-variance,
COnd |t|0na| ATES loses information, not usual anymore

co o



What does good performance look like?

Mutz (2021)

Qini

i} 20 40 &0 80 100
Population

The area between the model
curve and idealized random

“ curve, suitably normalized, is
called the Qini coefficient

Kreps & Wallance (2016) Flavin (2011)

Qini

0 20 40 ] 80 100
Population Population

X o

Sort exp. subjects descending by

anl Cu rveS predicted responsiveness; at each
subject, “how much” treatment effect
have we had?

= 4
B
=]

40 60 80 100

33



28 studies on a variety of topics

Data Sets over more than 19 years, with a

range of effect sizes

L
0.6
0.4
o2 i . O
u
i
o 0
£ 00 (]
&
" O
W 0.2 ®
= L]
-0.4 @ |dentity ®
@ Foreign Palicy
0.6 @ Health
’ @ Politics/Civics
® Economy
-0.8 @ Immigration ®
2000 2005 2010 2015 2020 2023

Study Start Year (Log Scale)
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What do these datasets look like?

Intro script

Treatment
text

Opinion
question

TABLE A.17 Mutz (2017): Treatments and outcomes

Introductory text: When Michael Morrison took a job at the steel mill in the center of Granite
City, L, in 1999, he assumed his future was ironclad. He was 38, a father with three young
children.

“I felt like I had finally gotten into a place that was so reliable I could retire there,” he said.
Although it had changed hands, the mill had been there since the end of the 19th century, For
those willing to sweat, the mill was a reliable means of supporting a family.

Mr. Morrison began by shoveling slag out of the furnaces, working his way up to crane driver.
From inside a cockpit tucked in the rafters of the building, he manned the controls, guiding a
350-ton ladle that spilled molten iron.

It was a difficult job requiring perpetual focus, and he was paid accordingly.

Job loss due to trade Job loss due to automation

Now his job has been eliminated due to Now his job has been eliminated due to
trade with China. Chinese workers now man automation, Robots now man the same
the same machine that Mr. Morrison once machine that Mr. Morrison once operated.

operated. As the company website describes, As the company website describes, “Of the 74

*“Of the 74 machines that were operating in the  machines that were operating in the factory,

factory, 63 are now operating in China.” 63 now run on their own with no human
intervention.”

Mr. Morrison has not been able to find other Mr. Morrison has not been able to find other

work, and he has no idea how he will pay work, and he has no idea how he will pay
for his children’s college education. “When for his children’s college education. “When
they don’t need me anymore,” he said, “I'm they don’t need me anymore,” he said, “I'm
nothing.” nothing.”

“Do you favor or oppose the federal government in Washington negotiating more free trade
agreements?"” [1: Strongly oppose. 4: Strongly favor]



What do we know about the respondents?

We only have basic demographic data about each

You are a {feats['age']} year old, {feats['race'l} {feats['sex']}. {feats['educ']} You

are a {feats['ideo']} and a {feats['pid_7']}. You are taking a survey about politics; we
will read you an article and then ask your opinion about an issue.

This problem is hard!

We can beat baselines only if LLMs have transferable
knowledge about how these variables relate to the treatment.

co 36



Several others, more complicated:
X X
® X-learner + random forest
e Causal forest
dﬂi’ ‘:’, ‘!’, e DragonNet

y'|T=0 y'IT=1 y'[T=0 y'[T=1

Note that we also use the T-
learner in one of the LLM-based
approaches described prior

S-learner T-learner
(w/ random forest) (w/ random forest)
Baselines

37

Image source Meta-learners from Kiinzel et al (2019)


https://matheusfacure.github.io/python-causality-handbook/21-Meta-Learners.html
https://muse.jhu.edu/article/793356/pdf
https://muse.jhu.edu/article/793356/pdf
https://arxiv.org/abs/1705.08821
https://arxiv.org/abs/1705.08821
https://www.pnas.org/doi/10.1073/pnas.1804597116

Models

Base

Llama 3

Instruct

Local models: more control over
experiments + can compare w/ and
w/out post-training

RLHF

(See also scaling experiments with
OpenAl models in dissertation)

38



Results



Zero-Shot Methods Work Well!

Normalized Conditional ATE

Text2Text (£5)

Persona (£5)

1.75 A

1.50 +

1.25 A

1.00 1

0.75

0.50 1

0.25 A

0.00

—— Baseline
— Random
— Model

Baseline Qini: 0.183
Model Qini: 0.426

Baseline Qini: 0.183
Model Qini: 0.292

-

40 60 80 100
Percent of Population

T T T

0 20 40 60 80 100

Percent of Population

40



...RepReg Less So

RepReq: Hidden States (CV) RepReg: T2T Probs (CV) RepReg: Persona Probs (CV)

L7519 . b
1.50 1 . b
1.25 1 . E
100 4
0.75
0.50
0.25 1

] Baseline Qini: 0.183 Baseline Qini: 0.183 i Baseline Qini: 0.183
0.00 Model Qini: 0.156 Model Qini: 0.211 Model Qini: 0.147

0 20 40 60 80 we 0 20 40 60 80 we o 20 40 60 80 100
Percent of Population Percent of Population Percent of Population
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...RepReg Less So

RepReq: Hidden States (CV)

RepReg: T2T Probs (CV)

RepReg: Persona Probs (CV)

L7351

L50 1

1.25 1

L00 4

0.75

0.50

Q.23

0.00 1

Baseline Qini: 0.183
Model GQini: 0.156

Baseline Qini: 0.183
Model Qini: 0.211

Baseline Qini: 0.183
Model Qini: 0.147

T T T

40 G0 80 100
Percent of Population

1] 20 40 G0 80 100
Percent of Populatien

1

Above baseline!

L]

40 G0
Percent of Population

80

T

100
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...RepReg Less So

RepReq: Hidden States (CV)

RepReg: T2T Probs (CV)

RepReg: Persona Probs (CV)

L7351

L50 1

1.25 1

L00 4

0.75

0.50

Q.23

0.00 1

Baseline Qini: 0.183
Model GQini: 0.156

Baseline Qini: 0.183
Model Qini: 0.211

Model Qini: 0.147

[Baseﬂne Qini: 0.183

T T T

0 20 40 G0 80 100
Percent of Population

!

Not always...

1] 20 40 G0 80 100
Percent of Populatien

1

Above baseline!

L]

40 G0
Percent of Population

T

Not always...

80

T

100
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Normalized Conditional ATE

What’s The Best We Can Do?

RepReg: T2T Probs, CRFR (CV)

RepReg: T2T Probs, Llama3 8B Base CRFR (CV)

Text2text, Llama3 8B Base (Z5)

2.5{ — Baseline

—— Randam

— Model
2.04
1.5 1
104
05 4 / //

Baseline Qini: 0.183 Baseline Qini: 0.183 Baseline Qini: 0.183

0.0 4 Model Qinl: 0.642 Model Qini: 0.755 Model Qini: 1.119

0 20 40 60 80 100 0 20 40 60 80 100 20 e 60 80 100

Percent of Population Percent of Population Percent of Population
Note: not prespecified!
44



Post-Training Hurts Performance! A Lot!

1.0 +

0.8 1

Qini Coefficient

0.2 4

0.0 4

0.6 1

Condition
Bl Base

mm  Instruct

mmm RLHF

L h
Text2text nepnég-rzT nepnég-Hs
Method
45



Post-Training Hurts Performance! A Lot!

This is probably about
calibration: instruction
tuning and RLHF hurt it
(Zhu et al, 2023)

1.0 +

0.8 1

0.2 4

0.0 4

- s

Condition
B Base
mm  Instruct
= RLHF

H =

Text2text

RepReg-T2T RepReg-HS
Method
46



https://openreview.net/forum?id=Of2xc2GVid

Post-Training Hurts Performance! A Lot!

This is probably about
calibration: instruction
tuning and RLHF hurt it
(Zhu et al, 2023)

Note how instruct/RLHF
+ second-stage model
outperforms random:
there’s signal, but not
right for expected value

1.0 +

0.8 1

0.2 4

0.0 4

- s

Condition
B Base
mm  Instruct
= RLHF

H =

Text2text

RepReg-T2T RepReg-HS
Method

47



https://openreview.net/forum?id=Of2xc2GVid

ATE Prediction:

Quite Good
Zero-Shot

Note: This task isn’t
hard for cross-

validated methods with

training data

fverage HTE score

Average HTE score

a%q L

Ensemble Baseline (CV)

Text2text (Z5)

Persona (Z2S)

(r=0.995
=089

(r=0.786
A= 0,621

[r=os3 |
| [#=03s2)

RepReqg: Hidden States (CV)

RepReg: T2T Probs (CV)

RepReg: Persona Probs (CV)

[F=n0.98 |
| | =036

r=0.984 |

‘r'E = 0.969

(r=0.993 |

[P =0087)

13 10 a8 oo
True ATE

oud

18 10 -as oo
True ATE

(]

-1s 10 -0 oo
True ATE
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ATE + HTE

Prediction
Just Aren’t

Very Related

This is very consistent
across specifications,

subgroups, efc.

Surprising! Drawing
on different model
capabilities?

Qini Coefficient

Qini Coefficient

Ensemble Baseline (CV) Text2text (Z5) Persona (75)
*1 [£=-v.07s 5o [r=-0.128| [f=—-n.226]
# = 0.006 |P = 0016 | [ = 0,051
12.5 1 3
LD
z ]
T3 1
11 e
" 1
1.5 4
|:| o
. 0.0 W TE—— o
=1 9 'Ih i . ’
oo 3]
UI'EI \:I.'il ﬂri‘ \:I‘j D’-‘ Dl!i le DI 'UEOU o 5'.1 L] .50 lJI:':- 1 'III 1 ib LSO 1 :' ﬂl;l] Uri‘ D’J Drb D’ﬂ- ill-l?I
RepReq: Hidden States (CV) RepReq: T2T Probs (CV) RepReg: Persona Probs (CV)
4 4 j p— .
fr=-0.026 bl [ P 14 [r=-0.040
14 | = 0,001 | = 0001 | -l_ﬂ-{:.nu-z
5 : [y 15 P K
1 14 & )
1 - "
o < For
5 ¥ e I
o Lm:qf -
' T T, " *
= . o : . - - - .
1 ' =1
-3 "1_ K
-5
-4 -3
IJ‘.{I 0% I.:-IJ' 11!- 2.0 2‘?5 3:'} I}TIII l}:ﬁ ITI} 175- 2.0 D:l} D:-J ad l]:h I}TB
Abs. ATE Prediction Error Abs, ATE Prediction Error Abs, ATE Prediction Error
(Effect Size) (Effect Size) (Effect Size) 49




Is Persuasion Generalizable?

Is there transfer learning from a) news or b) other
experiments to the task of predicting persuasion?

(RQ3)

50



News Tuning



All four stations for the entire period
Datasets

But: only 17 / 28 experiments in this
window to evaluate with

Yo M aw

CNBC
May 2020 MSNBC Dec 2023

N —

4.84 GB of cleaned text

co 5



We use:
e Llama3 8B IT only for cost
e Full fine-tuning
e Standard AR SFT training

Experiment Setup

CA-10] WhE CA-10 =10 (ORI
Train on Train on Train on | Trainon Train on
month 1 month 2 month 3 | month 1 month 1
+ [T data + [T data + [T data + IT data + IT data
Month 1 Month 2 Month 3 [ | [ ] [ | Month N-1 Month N
Evaluate on Evaluate on  No dataset Evaluate on  No dataset
dataset dataset this month dataset this month

53



Shown is ensemble of three models:

News Tuning Is Extremely Helpful .

e MSNBC-only
e Fox-only

Mews Tuning vs. Base Model Mews Tuning vs. Baseline

2.0 1

L 1_5 =
&
°
=
2
T 1.0 -
=
=]
W)
=
i
w 0.5 i
-
= Llama 3 88 IT
0.0 4 | —— + Mews Tuning
Qini (Baseline): +0.345 Improvement
Qini (Llama 3 8B IT): -0.035 —— Ensemble Baseline
Qini (News Tuning): +1.119 Random
-0.5
0 20 40 60 B0 100 0 20 40 60 80 100



Breaking Those Out:

Model: All Stations; Respondents: All

Model: Fox; Respondents: Republican

Still Improves

Matched sets of respondents: all-
data on all respondents, MSNBC
on Dems, Fox on Reps

Model: MSNBC; Respondents: Democratic

1.50 4 4
—— Llama 3 8B IT
—— + News Tuning
1.25 4 71 —— Random
improvement
w 1004
=
2 075
o
!; 0.50
v
°
S
= 0251
£
3
< 0.00
=] Qini (Llama 3 8B IT): -0.035 {Qi_ni (Llama 3 8B IT): -0.227 | ] Qini (Llama 3 8B IT): -0.152]
Qini (News Tuning): +0.453 (Qmi (News Tuning): +0.035 Qini (News Tuning): +0.226 |
-0.50 o .
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100
Percent of Population Percent of Population Percent of Population
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Persona (not shown) gets worse,

ATE Performance: Before And After because training has degraded

Average HTE score

0.0 1

Text2text (Z5S)

r=0.224
r? =0.0502 ® e®
o @
o ®
o
°
o

True ATE

Average HTE score

instruction-following capabilities

Text2text (ZS)

-0.4 -

True ATE
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Generalization: In-
Distribution

Random Splits of Experiments



Model Architecture: S-learner Recap

e Train one model with all predictors +
treatment indicator T

e For new examples, predict twice:
once eachwithT=1and T =0

e The final prediction is the difference

T=0 | T=
MXT) |

y*IT=0 y'T=1

Standard training loss (treating Likert e
data as continuous) is MSE

S-learner

co .



Model Architecture: New M3 Loss  "e/oerMeEr®

Treat Control

il r B’ o ‘

-
e y L )

- Pred. mean
) - Obs. mean

We use Pythia-410m rather than
Llama3 for GPU memory reasons

59



Evaluation Metrics

Pooled Qini:

“Talolule

Treat as one dataset

Individual Qini:

Average

e
ofeo]u]e)

Average performance on
each dataset (compute
curves, average curves,
compute Qini coef.)

60



Hormalized Conditional ATE

M3 objective helps!
ReSU |tS e Performance ~ Llama3 8B IT
w/ test-time persona.

e Without new objective,
worse than chance.

Individual Qini: MSE + M3 Individual Qini: MSE Only Pooled Qini
1.50 5 ] ]
— Model — M3 + MSE
—— Ramdom —— Random
1.23 1 —— MSE Only
1.00 5
0.75 4
0.50 -
025 4
0,00 4
-0.25 4 . ; _—
M3 + MSE Qini: +0.396
Qini: +0.260 Qini: -0.063 MSE Qini: +0.393
=0.50 4 4 E
0 20 40 60 80 Wo 0 20 40 0 80 W0 0 20 40 60 80 100
Percent of Population Percent of Population Percent of Population
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Generalization: Out of

Distribution
Held-Out Demographics + Experiments



Demographic Splits

Democrat Republican
s Train Train on
e ON Rep
- Dem

Predict for
Dem

o

l

Evaluate
for Dem

Predict for

Rep
Evaluate
for Rep

Three variables:
e Race: White / Nonwhite
e Gender: Male / Female
e Party: Democrat / Republican

All data, experiments pooled

Demographic split
(Similarly for gender + race)

Model has never seen this data before
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Results: Mixed

Normalized Conditional ATE

0.0 -

Pooled

Individual

— Model

Qini: +0.252

40 60
Percent of Population

80 100

40 60
Percent of Population

T

80

100
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Cross-Dataset Splits

Exps A,C,F, ... |Exps B, D, E, ...

Train on ) Predict for
A’ C, F, .

Evaluate
forB, D, E, ...

Repeat 3x over different random
splits of the datasets + average

All data, experiments kept separate

Randomly split datasets

Model has never seen this data before
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Results: Also Mixed

Pooled Individual

Normalized Conditional ATE

o0 4 Qini: +0.220 | Qini: +0.047

T T T T Li T T T T

40 60 80 100 0 20 40 60 80 100
Percent of Population Percent of Population
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Ethics



This Is Not a Mind Control Device

Persuasive effects are typically
small

Just because we can predict an
effect well, doesn’t mean the effect
is large

co .




Extension of Existing Practice

HTE estimation is well established

Commonly used in industry practice
already

Improvement, not radical departure
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Much Greater Scientific Value

-

\ Most useful for studying opinion
change

Unlike with an LLM, you don’t
get to see how every neuron
fires when someone changes
their mind
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Thank you!

Wi illiam Brannon
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