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ABSTRACT

Recent advancements in large language models have concentrated on tasks with automatic
verifiers, such as code and mathematics. In many domains there is no such verifier, and what
counts as a good output rests on tacit knowledge or judgment that resists measurement. This
dissertation develops abstractions that make such judgment measurable, then uses them to
build and evaluate language models across open-ended domains.

To measure economic narratives, this dissertation defines causal micro-narratives as
sentence-level explanations of a cause or effect and builds an inflation-specific ontology, then
fine-tunes a model to detect them at scale. Across a century of U.S. newspaper coverage
(4.2 million sentences), social and political impact narratives predict disagreement in house-
hold inflation expectations 1.8 times more strongly than realized inflation, and lower-income
households are 4.6 times more sensitive to them.

To evaluate summaries of complex legal documents, it introduces CASESUMM, a long-
context summarization dataset of U.S. Supreme Court opinions paired with their official
syllabuses, and compares automatic metrics, LLM judges, and expert rankings. LLM-based
judges do not track expert judgment better than automatic metrics, and fluent summaries
that experts prefer can contain factual errors that automatic methods miss, exposing the
limits of LLM-as-judge for long-context summarization.

To support voters deliberating over ballot measures, it presents CivicChats, a platform
and chatbot interface with three discourse modes (neutral Q&A, argumentative, and reflec-
tive) grounded in deliberative democracy. In a pre-registered controlled experiment on two
live 2026 ballot measures, chatbots designed for deliberative discourse shifted vote distri-
butions and produced written rationales that engaged substantially more with counterargu-

ments than static information.

Dissertation Advisor: Chenhao Tan
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CHAPTER 1
INTRODUCTION

Recent advancements in large language models (LLMs) have concentrated on tasks with
automatic verifiers, which provide simple feedback signals that drive rapid progress through
reinforcement learning and large-scale evaluation. Many important domains admit no such
verifier, where good performance depends on context and judgment. Summarizing a legal
opinion, helping a voter deliberate over a ballot measure, and identifying which narratives
a text conveys are challenging tasks to measure and automate. Multiple outputs may be
appropriate and the criteria for correctness often rest on tacit knowledge that is hard to
operationalize. In this dissertation, I develop abstractions that enable measuring important
phenomena in open-ended domains, then I engineer and evaluate LLM-based systems against
these abstractions, demonstrating their utility at scale and where current models fall short.
Chapter 2 measures economic narratives in news coverage, defining a unit of analysis
and the domain ontology that grounds it for one application. Part I introduces causal
micro-narratives, sentence-level explanations of the cause(s) or effect(s) of a target subject,
and presents a classification framework demonstrated through inflation narratives. Using
human-annotated data spanning historical and contemporary US news articles, a fine-tuned
Llama 3.1 8B achieves F1 scores of 0.87 on narrative detection and 0.71 on classification,
substantially outperforming GPT-40 in few-shot settings. Part II applies this framework to
a century of American newspaper coverage (4.2 million sentences, 1923-2025), examining
how inflation narratives evolved across economic eras and how narrative frames predict
heterogeneity in household inflation expectations. Social and political impact narratives
predict cross-sectional dispersion in 1-year inflation expectations 1.8 times more strongly than
realized inflation itself, and lower-income and non-college households respond several times
more strongly to narrative framing than higher-income and college-educated households.

The same demand for an explicit specification arises in evaluation. Large language mod-
1



els are increasingly applied to long-context summarization in high-stakes domains. Study-
ing their performance in such settings requires high-quality reference summaries written by
domain experts and evaluation methods that track expert judgments of summary quality.
Chapter 3 contributes CASESUMM, a new dataset of 25.6K U.S. Supreme Court (SCOTUS)

)

opinions paired with their official summaries, known as “syllabuses,” along with a use-case
study examining how automatic, LLM-based, and expert human evaluations differ in this
setting. CASESUMM is the largest open legal case summarization dataset and is the first
to include syllabuses dating back to 1815. A comprehensive evaluation using both auto-
matic metrics and expert human evaluation reveals discrepancies between these assessment
methods: summaries that score well on automatic metrics can contain hallucinations that
experts catch, including precedent citation errors and misrepresentations of case facts, and
LLM-based evaluations are no more correlated with expert judgment than traditional auto-
matic metrics. These findings demonstrate the limitations of automatic evaluation for legal
summarization and the critical role of human evaluation in complex, high-stakes domains.
The final chapter explores how interactive Al can be designed to help voters reason about
ballot measures and develops a methodology for measuring how it shapes their decisions and
reasoning. In the United States, these measures decide consequential policy questions on
housing, criminal justice, drug policy, and state budgets, yet voters often first encounter
them in the booth and frequently struggle with their dense, technical language. As a result,
voters fail to develop well-founded opinions or abstain. Conversational Al could help voters
reason through these decisions, but mainstream chatbots tend to match user beliefs rather
than clarify or challenge them. Chapter 4 presents CivicChats, a platform that informs
voters and promotes interaction with ballot measures through chatbots tailored to three
discourse modes (Q&A, argumentative, and reflective), and evaluates it in a pre-registered
controlled experiment with 600 participants on live 2026 ballot measures in Colorado and

Florida. Interaction with the chatbots changed vote outcomes substantially, shifting each



measure’s vote distribution away from its low-engagement default, and improved partici-
pants’ ability to explain their vote, raising the number of arguments and their engagement
with counterarguments. Participants also reported higher understanding and, contrary to
the pre-registered prediction, higher decision confidence. The findings indicate that the con-
versational posture given to a civic chatbot, more than the decision to deploy one, shapes
whether it improves how voters reason and decide.

Together, the three chapters show that working with large language models in these
domains depends on first making implicit judgment and criteria explicit, enabling scalable

and meaningful measurement of language processing and generation.



CHAPTER 2
NARRATIVES AND INFLATION EXPECTATIONS

Part I: Causal Micro-Narratives

2.1 Introduction

In recent years, social scientists have increasingly recognized the power of narratives (i.e.,
popular stories about economic, political, or social topics) to shape individual and collective
behavior. These narratives can influence people’s beliefs and decisions (such as when to
invest in the stock market, buy a home, or pursue higher education) and can quickly spread
through the collective consciousness. Nobel Prize-winning economist Robert Shiller argues
that if we fail to consider and understand the properties of narratives, “we remain blind to a
very real, very palpable, very important mechanism for economic change, as well as a crucial
element for economic forecasting” [Shiller, 2017].

While the importance of narratives has become well recognized, formulating an opera-
tional definition remains challenging. Recent work in economics and psychology has proposed
definitions based on how narratives affect people’s sentiment or moral reasoning [Flynn and
Sastry, 2022, Benabou et al., 2018|, while other research in these fields has proposed defini-
tions based on a causal account of events [Akerlof and Snower, 2016, Eliaz and Spiegler, 2020,
Kendall and Charles, 2022, Morag and Loewenstein, 2023, Andre et al., 2023, Barron and
Fries, 2023|. These works capture important aspects of narratives, but they do not propose
methods to uncover narratives from real-world data. Because narratives are disseminated to

4



A year ago the administration assumed inflation would
run at 7.5 percent in 1979.

No narrative

If these fiscal policies materialize, they are likely to
boost economic growth and spur inflation, potentially
forcing the Fed to hike rates more quickly to keep up.

N1: Fiscal Factors o Inflation

- cause target -
N2: Inflation —)  Ratesincreased

— target effect -

Figure 2.1: Causal micro-narrative classification task examples for the target ‘inflation.” In
the first sentence, no narratives are identified; in the second, two narratives (N1 and N2) are
identified, one representing a cause of the target and the other representing an effect of it.

broad audiences through free-form formats like text and speech (e.g., printed, television, or
web media), it is challenging to systematically extract them and quantify their prevalence
and influence.

This chapter aims to address both these conceptual and technical challenges. It intro-
duces the concept of causal micro-narratives, along with a multi-label classification task to
extract them from text. Causal micro-narratives are defined as sentence-level explanations
of the cause(s) and/or effect(s) of a target subject (e.g., an event, occurrence, emotion, phe-
nomenon). These micro-narratives are pervasive in everyday communication. When people
speak and write, they often explicitly or implicitly propose causal relations between entities
and outcomes that reflect their understanding of how the world works. For instance, if some-

one were to say, “Jane is tired, so she won’t make it to the show tonight,” they implicitly
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propose a “micro” story that frames Jane’s tiredness as the cause and her absence as the
effect.

As an application of this concept, inflation is chosen as the target that centers the micro-
narratives examined. Inflation is a popular and salient topic in news media, and can be
clearly summarized by a single word, which aids in data filtering. Figure 2.1 illustrates how
the framework distinguishes a sentence conveying a micro-narrative about inflation and one
that does not. The top sentence simply reports factual news about inflation, whereas the
bottom one presents two causal claims: (1) “fiscal policies" will cause inflation, and (2) the
Federal Reserve will increase interest rates in response to (i.e., as an effect of) inflation.
These two micro-narratives are labeled fiscal factors and rates increased, respectively.

An ontology of causes and effects of inflation is proposed, and a large scale dataset
of causal micro-narratives is created according to this ontology, classifying sentences from
contemporary and historical U.S. news articles. Starting with a subset of human annotations,
various models are trained for classifying these narratives at scale. The best model achieves
F1 scores as high as 0.71, despite the difficulty of the task, having 18 classes that in some
cases are semantically similar. Comparison of different models reveals that smaller fine-tuned
large language models (LLMs) outperform larger models like GPT-40, while also being more
scalable and cost efficient.

To better characterize the dataset and the performance of the classifiers, an in-depth
error-analysis of inter-annotator disagreements and the in- and out-of-domain generalization
of each evaluated model is conducted. Furthermore, systematic classification errors are
identified and cross-referenced with annotator disagreements. The best-performing fine-
tuned LLMs have a small performance degradation on out-of-domain data, but overall are
robust to domain shifts across texts that are written 50 years apart. The errors produced
by LLMs that are fine-tuned on the human-annotated data reflect the natural disagreements

between annotators to a far greater extent than the errors produced by GPT-40 in a few-shot,



in-context learning setting.

In summary, the following contributions are made:

1. The concept of causal micro-narratives is introduced and defined, presenting a novel task

for extracting them from real-world text.

2. A dataset of annotated inflation-related causal micro-narratives from both historical and

contemporary U.S. news articles is curated.

3. Methods for effectively automating narrative classification at scale are developed and
demonstrated, making publicly available fine-tuned LLMs for this purpose. Additionally,

robust out-of-domain performance of these models is showcased.

4. A comprehensive error analysis is conducted, revealing systematic similarities between
model classifications and human annotation disagreements. This analysis highlights the

task’s complexity and identifies potential inherent ambiguities.

2.2 Related Work

2.2.1 Definitions and Theoretical Frameworks

Early work by Labov and Waletzky [1997] defined narratives as temporal accounts of event
sequences, providing a formal framework for analyzing personal narratives. Building on this,
Akerlof and Snower [2016] expanded the definition to include causally linked events and their
underlying sources, emphasizing the role of narratives in decision-making processes.

More recent work has further refined these concepts. Eliaz and Spiegler [2020] represent
narratives as directed acyclic graphs (DAGs), drawing on Bayesian Networks to model the
equilibrium of narratives. Shiller [2017| likened narratives to viral phenomena, defining them
as interpretive stories about economic events that spread contagiously. Benabou et al. [2018§]
focused on the persuasive aspect of narratives in moral decision-making, while Flynn and
Sastry [2022] emphasized their contagious nature in belief formation.
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Morag and Loewenstein [2023] and Barron and Fries [2023] both highlight the causal
and interpretive aspects of narratives. The former defines narratives as stories that estab-
lish causal links between events on a timeline, while the latter views them as subjective

explanations of datasets, particularly in the context of persuasion.

2.2.2  Methodological and Empirical Studies

Studies have proposed different methodologies to empirically measure economic narratives.
Jalil and Rua [2016| analyze word frequency in newspapers and forecasts to study inflation
expectations during the Great Depression. More advanced NLP techniques have been applied
as well. Lange et al. [2022]| extended the RELATIO method of Ash et al. [2021] to extract
narratives based on Roos and Reccius [2021]’s definition. Gueta et al. [2024] try to leverage
LLMs to extract and summarize economic narrative from tweets. However, they do not
clearly define economic narrative nor do they evaluate the LLM’s performance. Flynn and
Sastry |2022] utilize sentiment analysis on firm 10-K filings to build a macro model explaining
economic fluctuations.

Andre et al. [2023] use open-ended surveys and DAGs to study narratives around recent
high U.S. inflationary period. They contrast the narratives that households and experts
write down, finding that household narratives significantly shape expectations. Their work
also includes experiments manipulating narratives to measure their impact on inflation ex-
pectations.

Ali et al. [2021] survey the broader field of causality extraction from text. Most causality
extraction tasks are general domain, but existing methods are not very robust to complex
sentence structures. Recent work by Sun et al. [2024] proposes a promising prompt-based
technique with large language models to extract causal relationships in fictional stories in-

stead of news text.



2.3 Causal Micro-Narratives

A causal micro-narrative is defined as
a sentence-level explanation of the cause(s) and/or effect(s) of a target subject.

The term “narrative” is most commonly applied to the discourse-level conception of story-
telling that depicts sequences of events, usually in long-form texts [e.g., Piper, 2023]. By
contrast, here the focus is on narrative fragments within individual sentences, which can
capture stories about implicit and explicit cause-effect relationships that people express as
they speak or write, sometimes in subtle or subconscious ways. Recent work in cognitive
science highlights the prevalence of causal connectives in English and how they reveal the
importance of causal relationships in the way we think and express ourselves [lliev and

Axelrod, 2016, Brown and Fish, 1983, Sanders and Sweetser, 2009)].

2.3.1 Narrative Classification Task

A narrative classification task is proposed that operationalizes the definition of causal micro-
narratives. Unlike the more general task of causality mining [Ali et al., 2021|, a productive
approach to capturing how such micro-narratives accumulate at scale should be domain-
specific. Specifically, a framework is proposed in which first a target is identified about
which micro-narratives are to be captured. Conceptually a target can be any entity, event,
or phenomenon of interest.

Then, an ontology of the causes that can lead to that target and the effects that can
follow from it is defined. Thus, the narrative classification task is to identify, according to
the ontology, sentences that express a narrative about the target subject and to predict the

particular cause(s) and/or effect(s) related to the target that are present.



2.3.2  Case Study: Inflation Narratives

As an application of this definition and for the purposes of this chapter, the focus is specifi-
cally on inflation as the target. An ontology is developed, presented in Table 2.1, consisting
of 8 causes of inflation and 11 effects that could follow from inflation. The causes and effects
were curated by an expert economist based on domain knowledge and researching relevant
resources online. See §A.2 for additional details on this process and detailed descriptions
of all the causes and effects. Ultimately, the following classification task is set up: given a
sentence, identify (1) whether the sentence expresses a narrative about inflation, and (2) the
expressed cause(s) and/or effect(s) of the inflation.

For this case study, a target event is chosen that is fairly unambiguously summarized
by a single word, inflation, which allows for straightforward data filtering. Nonetheless, the
causal micro-narrative classification task could be applied to target events or phenomena
that are expressed in more varied ways, but this would introduce more complicated filtering

strategies or an additional preliminary event extraction step.

Causes (label) Effects (label)

Demand-side Factors (demand) Reduced Purchasing Power (purchase)

Supply-side Factors (supply) Cost of Living Increases (cost)

Built-in Wage Inflation (wage) Uncertainty Increases (uncertain)

Monetary Factors (monetary) Interest Rates Raises (rates)

Fiscal Factors (fiscal) Income or Wealth Redistribution (redis-
tribution)

Expectations (expect) Impact on Savings (savings)

International Trade & Exchange Rates (in- Impact on Global Trade (trade)

ternational)

Other Causes (other-cause) Cost-Push on Businesses (cost-push)

Social and Political Impact (social)
Government Policy & Public Finances Im-
pact (govt)

Other Effects (other-effect)

Table 2.1: Inflation Narrative Causes and Effects. The label in parentheses refers to the
abbreviated name used during classification in both few-shot and fine-tuning experiments.
See §A.2 for additional details.
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2.4 Dataset

Two data sources are used in the investigation of inflation narratives in news: NOW Corpus
for contemporary news data [Davies, 2016] and ProQuest for historical data. These datasets
were selected because their differences allow assessment of the generalizability of the task
and the classification methods tested. The articles in each dataset were written roughly 50
years apart and the NOW corpus includes a high degree of stylistic variation, as the articles
are sourced from a range of online sources.

For each dataset, articles are segmented into sentences and sentences that contain the
keyword “inflation" are filtered. Filtering allows focus on relevant sentences, enabling efficient
targeting of human annotations, as well as reducing the total number of sentences to a more

computationally feasible quantity.

2.4.1 Contemporary News: NOW Corpus

Data from the NOW Corpus covering 2012-2023 is used. The dataset consists of online
news articles, which are filtered to only include U.S. articles written in English. The final
filtered dataset, including “inflation” keyword filtering, contains 118,383 articles and 284,220

sentences. The spaCy Sentencizer [Explosion, 2024| is used for sentence segmentation.

2.4.2  Historical News: ProQuest

For historical news data, news articles from local, regional, and national news publications
from the ProQuest database spanning 1960-1980 are collected. See §A.1 for a list of the
included publications. This historical period was chosen because of the high levels of infla-
tion that occurred throughout it, presenting an interesting opportunity to explore inflation
narratives. The final dataset, including “inflation” keyword filtering, contains 392,475 arti-

cles and 751,380 sentences. The BlingFire [Microsoft, 2024| sentence segmentation tool was
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used, as the spaCy Sentencizer did not work well on this historical data.

2.4.3 Human Labeling

Historical Contemporary

Train / Test 099 / 488 1,119 / 201 Dataset Bmary Multi-class
Median Contemporary 0.67 0.59
Words  Per 26 25 Historical 0.80 0.66
Sentence

(b) Test set Inter-annotator agreement:
(a) Human annotation train and test set Krippendorft’s alpha using MASI distance
sizes, and median sentence lengths. weighting [Hayes and Krippendorff, 2007]

Table 2.2: Human annotation statistics

Three members of the research team manually annotated training and test sets. In
Table 2.2a the sizes of the train and test splits are reported. Train sets of approximately
1,000 examples were targeted. This provided sufficient training data for model fine-tuning.
For the test sets, all three annotators label the same subset of data. For ProQuest, annotators
initially labeled a test set of 500 sentences, however, this is reduced to 488 after filtering out
texts longer than 150 words when the sentence segmentation failed.

Table 2.2b shows a moderate to high degree of agreement for a pragmatic annotation task,
across both the historical and contemporary news annotations. Historical news agreement is
higher than contemporary news, hypothesized to be due to (1) annotators having had more
experience with the annotation since the historical annotation came second, and (2) less
variation in the sourcing of historical news. The historical ProQuest news dataset primarily
contains a collection of professional news publications, which results in less linguistic novelty
and variation. In contrast, the contemporary news in the NOW corpus comes from a far
greater variety of online sources. This variation could cause a more difficult annotation
task. An analysis of annotator disagreement is presented in §2.6.3. See §A.3 for annotation

interface examples.
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2.4.4 Descriptive Statistics

The focus on causal micro-narratives ensures distinction between general mentions of infla-
tion in news text and a more targeted framing that presents causal stories about inflation.
Analysis of the human annotations reveals that 49% and 47% of the contemporary and
historical news sentences, respectively, were labeled as non-narratives. Given that these sen-
tences are already keyword-filtered to include inflation, this amounts to a significant fraction

of them and supports the intent of the definition and annotation scheme.
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(a) Inflation cause narratives. (b) Inflation effect narratives.

Figure 2.2: Proportions of narrative classes in human annotations. This data combines both
the train and test sets. For the test set, majority vote is used to identify one annotation
instance.

The distribution and prevalence of cause and effect narratives remains largely consistent
across human annotations of both datasets. As Figure 2.2 shows, there are only small
variations between most labels. Exceptions include fiscal and govt, which are more prevalent
in historical news, and rates, which occurs more frequently in the contemporary data. These
outliers reflect overall differences between inflation-related news in the 1960s and 1970s
compared to the 2010s. These particular differences can likely be attributed to the fact that
interest rate adjustment as a response to inflation did not become a significant tool deployed

by the Federal Reserve until Paul Volcker’s tenure as Chairman of the Fed in the 1980s
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[Siegel, 1998|. As such, during the 60s and 70s, government spending and its relationship to

inflation (fiscal, govt) was a more common topic of discussion.

2.5 Methods

To determine the most effective approach to classify narratives, the performance of LLMs on
the classification task is compared for both in-context learning and fine-tuning settings. The
annotations associated with each sentence are formatted as JSON to facilitate automatic
processing (see §A.2). The LLMs are evaluated on their classification output, expected to be
in JSON as well. Separate experiments are conducted with the contemporary and historical

data and separate models are trained for each dataset.

2.5.1 In-Context Learning

LLMs have been shown to be effective in-context, or few-shot, learners [Brown et al., 2020,
so GPT-40 is tested in this setting by providing definitions for all the labels along with 24
narrative classification examples, one for each distinct cause and effect, as well as 5 examples
of non-narratives. Greedy decoding is used and generation is not constrained in any way,

but GPT-4o reliably generated JSON in the correct format.

2.5.2  Fine-tuning

The second modeling approach evaluated is fine-tuning two open-source, pre-trained LLMs:
Llama 3.1 8B (meta-llama/Meta-Llama-3.1-8B) and Phi-2 (microsoft/phi-2). These
two models were chosen because they represent high quality LLMs that have performed well
on LLM benchmarks. Additionally, because of their relatively smaller parameter counts
compared to other recent LLMs, they are well suited for efficient inference at scale. Indeed,

while this classification task test set is relatively small, the ultimate aim of this work is
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to enable researchers to do complex narrative classification tasks at the scale of millions of
sentences from news articles across long time horizons.

For fine-tuning, the input consists of the possible causes and effects, their definitions, and
a brief instruction. The full fine-tuning prompt is included in §A.4. Standard auto-regressive
language modeling is followed but only the language modeling loss for tokens associated with
binary and multi-class labels is back propagated, rather than other tokens associated with
the JSON notation. LoRA-based Parameter-Efficient Fine-Tuning (PEFT) [Hu et al., 2021]
is used to train a subset of the parameters. See §A.5 for fine-tuning hyper-parameters.

In few- and zero- shot experiments both models achieved extremely low F1 scores (0.12
or lower). As a result, for the purposes of this work, the focus is on evaluating fine-tuned

versions of the two open-source models, rather than their zero-shot performance.

2.5.3 Ewvaluation

Each aspect of a narrative classification is evaluated separately using micro-averaged F1
scores. Micro averaging is used, rather than weighted- or macro- averaging to get an overall
picture of model performance across all instances, including less represented classes. Micro-
averaged scores use the standard binary-F1 score formula, but, importantly, the precision
and recall scores are based on true and false positives across all instances, irrespective of
individual class distinctions. Because each sentence could have narratives with multiple
causes and/or effects, micro-averaged F1 differs from a regular accuracy score.

To resolve disagreements between annotators in the test set, majority rule is used to
identify gold-labels. In practice, 97% of the test set instances have agreement between at

least two annotators, allowing retention of almost the entire test set for evaluation.
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Llama3.1 Phi-2 GPT-40

Binary
Hist. 0.78 0.83 0.47
Contemp. 0.87 0.79 0.63
Multiclass
Hist. 0.62 0.60 0.46
Contemp. 0.71  0.65 0.57

Table 2.3: Summary F1 scores for the inflation narrative classification task on Historical
(Hist.) and Contemporary (Contemp.) datasets. Phi-2 and Llama 3.1 8B are fine-tuned
on a combined dataset totalling 2,118 instances. F1 uses micro-averaging for multi-class
and binary for narrative detection. All scores are calculated using majority vote between
the three annotators as ground truth. 14 test set instances with no majority annotation
are ignored in this score. Bolded values indicate the best performing model on each task
(binary and multiclass) and each test set (Historical and Contemporary).

2.6 Results

Model performance is compared in Table 2.3. Fine-tuned Llama 3.1 8B performs the best
and, along with Phi-2, outperforms GPT-40. GPT-40 particularly suffers on Historical data
and the binary narrative detection overall.

To better understand how models trained on these datasets may generalize to news from
other periods, Table 2.4 presents a breakdown of model performance in several training and
evaluation settings. First, how well models fine-tuned on Historical and Contemporary data
perform on corresponding held-out data is evaluated, assessing in-domain generalization.
Second, how well models generalize to out-of-distribution (OOD) data is compared by eval-
uating performance on Historical data when trained on Contemporary data, and vice-versa.
Finally, both the historical and contemporary data are combined during the learning phase
and performance is evaluated on the individual datasets, revealing how well models can learn

from the additional data despite the domain-shift.
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Llama3.1 8B Phi-2 GPT-40

Test . . .
m Hist. Contemp. Hist. Contemp. Hist. Contemp.

Binary
Hist. 0.64 0.75 0.75 0.82 0.47 0.70
Contemp. 0.73 0.82 0.75 0.83 0.51 0.63
Hist. + Contemp. 0.78 0.87 0.83 0.79 0.39 0.43
Multiclass
Hist. 0.55 0.59 0.57 0.63 0.46 0.60
Contemp. 0.52 0.63 0.53 0.66 0.48 0.57

Hist. + Contemp. 0.62 0.71 0.60 0.65 0.43 0.46

Table 2.4: F1 scores for the inflation narrative classification task on Historical (Hist.) and
Contemporary (Contemp.) Datasets. Phi-2 and Llama 3.1 8B are fine-tuned. F1 uses micro-
averaging for multi-class and binary for narrative detection. All scores are calculated using
majority vote between the three annotators as ground truth. 14 test set instances with no
majority annotation are ignored in this score. Columns specify the datasets used for training;
and rows, the results on test sets. Bolded values indicate the best performing model and
training data combination for each task (binary and multiclass) and each test set (Historical
and Contemporary).

2.6.1 In-Domain Generalization

When trained and evaluated on the same individual dataset, Phi-2 outperforms other models.
Interestingly, however, Llama 3.1 8B is better able to learn from both the Historical and
Contemporary datasets, exhibiting impressive improvements of up to 14%, despite the 50-
year gap between the news in the two datasets. In contrast, Phi-2 struggles and even degrades
in performance on Contemporary data multi-class classification. All models perform better
on contemporary data, likely because recent text and language from 2012-2023 are more

prevalent in their pre-training corpora than historical newspaper data.

2.6.2 Qut-of-Domain Generalization

On the multiclass narrative classification task, a common pattern emerges across both fine-

tuned models. Test set performance degrades by 3-4% on OOD data relative to in-domain
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Sentence

Llama 3.1 8b

Majority Annotation

"The corrosive effects of inflation eat away at the ties that
bind us together as a people," said President Carter Thurs-
day in the third of the messages—the budget, the State of
the Union, and the Economic Report—that make up the tra-
ditional January triad.

no-narrative

social

But he acknowledged that the Administration-projected rate
of 6.5% to 7% inflation this year still made it the nation s
worst domestic problem.

no-narrative

social

He said inflation was every American’s problem and that the
nation’s economic, military and spiritual strength depended
on solving it.

no-narrative

social

"They have and will cause Inflation to accelerate in the state
and the Chicago area, destroy jobs that otherwise would be
available, lower family income, and increase taxes,"he said.

fiscal

govt, purchase, cost-push

"Inflation has slowed, but people’s perception of that
changes," he said.

no-narrative

expect

Carter finally became convinced that inflation was the No.
1 problem.

no-narrative

govt

Consequently, increases in valuation due to inflation do in-
deed raise the number of actual dollars in property taxes
owed.

govt

savings

Table 2.5: Comparison of fine-tuned Llama 3.1 8B and human annotations.

data. This represents a moderate drop in performance and could be attributed to changes in

the distribution of narratives across the Historical and Contemporary datasets, as explained

in §2.4.4 and Figure 2.2. In contrast, the binary prediction task reveals a different effect.

Phi-2 performs the same regardless of which dataset is used for training and which is used

for testing but Llama 3.1 8B achieves up to an 11% improvement on narrative detection in

Historical news sentences when trained on the Contemporary data. In the reversed setting,

Llama 3.1 8B performance degrades by 7%. This pattern suggests that training Llama on

Contemporary data is more successful than Historical data.
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2.6.3  Error Analysis

To better understand model performance on this task and the variation between fine-tuning
a smaller LLM and few-shot prompting a large proprietary LLM, a fine-grain analysis of the
individual narrative classification predictions as well as an analysis of the three sets of human
annotations is conducted to better understand the disagreements that exist between them
and how those disagreements may relate to model prediction errors. As the best performing
LLM overall, the focus is on Llama 3.1 8B (henceforth, Llama) and it is compared to GPT
40, the only proprietary model in these experiments.

Human Annotator Disagreements By majority rule, the three human annotators find
partial agreement on 474 out of 488 test set instances, and full agreement on 471. While this
is a higher rate of majority agreement, there are nonetheless non-negligible disagreements
between individual annotators. Since training data sourced from each annotator individually
is used, understanding these disagreements can contextualize how model performance is im-
pacted. Most annotator disagreements stem from differing judgments on narrative presence,
not category assignment. Annotators rarely clash over which specific narrative category to
apply, but often diverge on whether a narrative exists in the text at all. Furthermore, cer-
tain annotators are systematically more likely to detect narratives than others, driving this
specific form of disagreement.

Hallucinating Narratives Fine-tuning is effective at teaching a model to distinguish be-
tween narratives and non-narratives, compared to in-context learning. GPT-40, which was
not fine-tuned, correctly classifies roughly 47% and 60% fewer non-narratives in the contem-
porary NOW and historical ProQuest test sets, respectively, than Llama. Despite extensive
experimentation with different prompts, GPT-40 consistently struggled to understand the
distinction stipulated between narratives and non-narratives. This can likely be attributed
to the precise definition of narrative, such that these otherwise highly capable LLMs have

limited in-context demonstration data to draw on to learn this capability.
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Natural Variation & Ambiguity in Language Table 2.5 presents several instances where
Llama predictions did not match the human labels. The first three examples illustrate that
Llama’s impressive 0.87 F1 score on binary narrative detection comes at the cost of false
negative predictions. In fact, these three instances of failing to predict Social € Political
Impact (social) are representative of the most common type of false negative error in Llama
predictions. Interestingly, annotating social or not is the most common disagreement of this
type among the annotators. Nonetheless, the three examples in Table 2.5 show failures of
Llama to identify the implied, yet clear, references to inflation’s social and political impact.

In contrast, the final four examples demonstrate the natural ambiguity and difficulty
inherent in this task. Consider the fourth sentence. While to a human, it may be quite
natural to understand this sentence as inflation being the cause of the job destruction, lower
family income, and increased taxes, it is not explicit in the sentence. In fact, the more
explicit mention of causation in the sentence is “they have and will cause inflation". Llama
predicts a cause of inflation narrative (“fiscal"), whereas the reference labels are effects of
inflation (“govt, purchase, cost-push"). In practice, this sentence does not mention who
“they" is referring to, so the prediction, while a reasonable guess, is not supported. The final
three examples show scenarios where the Llama predictions and human annotations could
both be considered correct, depending on one’s perspective. All these examples illustrate

the challenging nature of the task and the natural variation that is inherent to it.

2.7 Part I Summary

This part proposes a causal micro-narrative classification task. By developing a compre-
hensive classification scheme and leveraging both fine-tuned and few-shot prompted large
language models, the feasibility of automating the detection and categorization of these
narratives at scale is demonstrated. The results show that fine-tuned models, particularly

Llama 3.1 8B, outperform few-shot prompted models in distinguishing between narrative
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and non-narrative content, while maintaining competitive performance in classifying specific
narrative types.

The error analysis reveals that the task of identifying causal micro-narratives is inher-
ently complex, with natural ambiguities in language and variation in human interpretations.
Despite these challenges, this approach provides a foundation for large-scale narrative anal-
ysis. The following part applies this framework to study the evolution of inflation narratives
across a century of American newspaper coverage and examines whether narrative frames

predict heterogeneity in household inflation expectations.

Part II: A Century of Inflation Narratives

2.8 Motivation and Research Questions

Part I establishes a framework for extracting causal micro-narratives from text. This part
applies that framework to study how inflation narratives have evolved in American newspa-
pers over the past century and whether those narratives predict heterogeneity in household
inflation expectations.

Two dimensions of inflation narratives remain underexplored in the literature. First,
how have inflation narratives evolved across time and space throughout American economic
history? The evolution of these narratives is informative for interpreting how economic ideas

develop and spread through public discourse across different economic regimes. Second, do
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specific narrative frames predict heterogeneity in inflation expectations across demographic
groups? This relationship matters for monetary policy effectiveness, since communication
strategies shape inflation expectations and spending behavior.

This part addresses both questions by applying the classification approach from Part I to a
large-scale corpus of American newspapers spanning 1923-2025. The analysis examines how
the prevalence of different narrative types changed across economic periods, how inflation is
explained differently across regions and political geographies, and whether narrative frames

predict differences in inflation expectations across income and education groups.

2.9 Data

2.9.1 Newspaper Corpus

The analysis draws on ProQuest’s newspaper database, which provides access to U.S. news-
paper articles. The sample ranges from January 1923 to January 2025, covering all 50 states
plus DC and Guam. The corpus includes 807 unique newspapers, from major national pub-
lications such as The New York Times, Wall Street Journal, and Washington Post (46 in
total), to hundreds of local and regional newspapers (761 in total). Approximately 47% of
the total number of inflation sentences originate from national sources.

Over the full sample period, the dataset averages 81.6 newspapers per month, with 8.6
national newspapers and 73.0 local newspapers per month on average. Coverage varies
substantially over time, ranging from a minimum of 13 newspapers in early months to a
maximum of 324 newspapers during peak coverage periods.

Following the preprocessing approach from Part I, all articles are segmented into sentences
and filtered for those containing the keyword “inflation.” This initial filtering yields a corpus

of approximately 4.2 million sentences spanning a century of economic reporting.
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2.9.2 FEconomic Variables

For inflation expectations, the analysis uses the University of Michigan Survey of Consumers,
which records household expectations about future price changes for the headline 1-year
horizon and the longer 5-10 year horizon. For realized inflation, Consumer Price Index (CPI)
data from the U.S. Bureau of Labor Statistics is used, retrieved through the Federal Reserve
Economic Data (FRED) system. Regional CPI series for the Northeast, Midwest, South,
and West regions support examination of geographic patterns in both inflation narratives

and actual price changes.

2.10 Classification at Scale

To classify inflation narratives across the full corpus, the fine-tuned Llama 3.1 8B model from
Part T is applied. The model operates in two sequential stages, first determining whether a
sentence contains any causal narrative about inflation, then classifying identified narratives

into one or more of the 19 narrative categories (8 causes and 11 effects).

2.10.1 Cross-Temporal Validation

The classifier is trained on annotations spanning two eras roughly 50 years apart (Part I),
and additional validation is conducted by reviewing random samples of classified sentences
across different time periods. Cross-temporal evaluation shows performance degradation of
only 3-4 percentage points when training on one era and testing on another. This stability

supports applying a single fine-tuned model to the full century-long sample.

2.10.2  Comparison with Keyword Methods

To evaluate the narrative classification against simpler approaches, a comparison with keyword-

based classification is conducted. Keywords are chosen to reflect the most prominent words
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associated with each narrative category. Because the vectors of labeled sentences are sparse
under both classifications, Jaccard similarity is computed in place of Pearson correlation.
Similarity between the two approaches varies substantially across categories. Interest rate
narratives show the highest similarity with keywords (0.45), while international trade narra-
tives show the lowest (0.06). This range reflects the fact that some inflation discussions use
consistent terminology while others employ diverse language that keywords cannot capture.
The “No narrative” category shares similarity with multiple keyword classifications, exposing
a recurring failure mode for keywords. They classify sentences that mention inflation-related
terms without expressing any causal relationship. The narrative approach distinguishes mere

mentions from actual explanations.

2.10.3  Unsupervised Validation via TopicGPT

A complementary check is whether the manually curated 19-category ontology omits causal
mechanisms that emerge organically from the corpus. To address this, a data-driven narrative
discovery procedure based on TopicGPT [Pham et al., 2024| is run on a random sample of
10,000 inflation sentences. In the generation phase, GPT-40 produces a separate causal
ontology for each sampled sentence. In the refinement phase, batches of 200 candidate
narratives are iteratively consolidated until fewer than 200 remain, ending in a final round
that yields 11 distinct causal narratives.

Figure 2.3 shows category-level semantic similarity between the 19 manual categories and
the 11 discovered categories. The strongest correspondences include wage with “Labor Mar-
ket Pressures,” demand with “Demand-Supply Imbalance,” and monetary with “Monetary
and Fiscal Drivers.” All 11 discovered categories map to existing entries in the manual ontol-
ogy. No novel causal mechanisms emerge. The data-driven categories generally consolidate
finer manual distinctions into broader thematic clusters (for example, “Rising Living Costs

and Income Inequality” draws from both cost and redistribution). This finding supports
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proceeding with the more granular manual ontology in the analyses that follow.
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Figure 2.3: Category-level semantic similarity between the 19 manual narrative categories
and the 11 categories discovered by TopicGPT on 10,000 randomly sampled inflation sen-
tences. Darker shades indicate stronger similarity. All discovered categories map onto ex-
isting entries in the manual ontology, and no novel causal mechanisms emerge from the

unsupervised procedure.

2.11 Inflation Narratives Through Time and Space

2.11.1 Narrative Prevalence

About 54.5% of inflation-related sentences in the corpus do not express any specific narrative

about inflation’s causes or effects. The majority of media coverage reports on inflation

without exploring its underlying mechanisms or consequences.

National publications emphasize certain causal narratives more strongly than local pa-

pers, primarily fiscal (9.3% vs. 7.8%), monetary (5.2% vs. 3.9%), and international factors
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(2.2% vs. 1.3%). National newspapers dedicate substantially more coverage to causal nar-
ratives overall (26.6% vs. 21.4% in local papers). Local newspapers give relatively greater
attention to direct effects of inflation, including impacts on savings (6.4% vs. 5.6%), cost of

living (3.9% vs. 2.8%), and purchasing power (1.7% vs. 1.1%).

2.11.2 Narratives Through Time

The time series in Figure 2.4 reveals substantial variation in narrative prominence. Fiscal
causes of inflation dominated pre-1980 discussions, with pronounced peaks during the Great
Depression, World War II, and the inflationary episode of the 1970s, when fiscal narratives
reached nearly 25% of inflation sentences. Since the 1980s, fiscal explanations have declined
in prominence, with monetary and supply-side factors becoming relatively more important
in the inflation discourse.

The pattern of effect narratives shows a comparable shift. Savings effects consistently ap-
peared throughout the century, while interest rate effects became substantially more promi-
nent after 1970. The timing coincides with the Federal Reserve’s more aggressive monetary
policy stance under Volcker and the subsequent era of inflation targeting. Before 1970,
interest rate effects were nearly absent from inflation discussions, marking a fundamental
change in how the media expresses inflation’s implications. During the post-COVID infla-
tion episode of 2021-2022, a pronounced spike in cost-of-living effect narratives is observed,

reflecting heightened public concern about inflation’s direct impact on household expenses.

2.11.8 Regional Differences

To investigate how inflation narratives differ across regions, the analysis examines geographic
location (North vs. South), level of urbanization (urban vs. rural), and political lean of the
newspaper’s market (Republican-leaning vs. Democrat-leaning). Each newspaper is assigned

to these categories based on the geographic position of its headquarters relative to the Mason-
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Dixon line, the population density of its location, and the historical voting patterns of
its area, respectively. To capture regional variation rather than national editorial trends,

national newspapers are excluded and the analysis focuses on local publications.

North vs. South. Figure 2.5 shows differences in cause and effect narratives across North-
ern and Southern newspapers. Northern newspapers attribute inflation to fiscal policy at
a higher rate, with approximately a 0.92 percentage point higher share of fiscal narratives
compared to Southern newspapers. International and inflation expectations narratives also
feature somewhat more prominently in Northern publications. Southern newspapers empha-
size supply factors as causes of inflation (0.26 percentage points higher) and place modestly
greater weight on monetary, demand, and wage explanations. For effect narratives, the most
notable difference is in the discussion of interest rates, which Southern newspapers empha-
size substantially more (1.5 percentage points higher) than Northern counterparts. Northern
newspapers focus more on government program effects (0.48 percentage points higher) and

savings effects (0.33 percentage points higher).

Urban vs. rural. Urban newspapers emphasize fiscal factors when discussing causes of
inflation, with a 3.4 percentage point higher share than rural publications. International
factors, monetary policy, trade effects, and wage pressures also receive more attention in
urban newspapers. Rural newspapers do not show significantly higher emphasis on any
causal narrative category. In effect narratives, a sharp contrast appears in the discussion
of interest rates and costs of living, which rural newspapers emphasize more heavily (3.3
and 2.0 percentage points higher, respectively). Urban newspapers focus more on savings
effects (2.4 percentage points higher) and modestly more on social and trade effects. These
differences likely reflect the economic makeup of urban and rural areas, with urban areas
more connected to global markets and government policy, and rural areas experiencing more

direct impacts of inflation on borrowing costs and consumer prices.
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Republican vs. Democrat. Partisan differences in economic narratives have been doc-
umented in political communication research |[Gentzkow and Shapiro, 2010, DellaVigna and
Kaplan, 2007]. To examine whether these patterns extend to inflation coverage, newspapers
are classified by the political lean of their geographic markets using county-level presiden-
tial election data |Leip, 2023|. Presidential vote shares for all U.S. counties from 1920 to
2024 are obtained, the sample period is divided into three eras (1923-1960, 1960-1990, and
1990-2025), and counties are classified as Democrat-leaning if the average Democratic vote
share within the era exceeds 50% and Republican-leaning otherwise. This time-varying ap-
proach accounts for the realignment of partisan geographies over the century, particularly
the reversal of the South’s political orientation.

Figure 2.6 reveals clear differences. Newspapers from predominantly Democrat-voting
areas attribute inflation more to international factors (0.36 percentage points higher), mone-
tary policy (0.33), demand pressures (0.25), and supply constraints (0.23). Newspapers from
predominantly Republican-voting areas show stronger emphasis on fiscal policy as a cause
(0.34 percentage points higher), along with somewhat higher attribution to wage pressures.
For effect narratives, publications from Democrat-voting areas focus more on savings effects
(1.5 percentage points higher) and interest rate effects (0.4), as well as uncertainty (0.2).
Newspapers from Republican-voting areas emphasize cost impacts (0.7 percentage points
higher) and show moderately higher focus on purchasing power, redistribution, and social

effects. These patterns align with traditional partisan economic perspectives.

2.12 Narratives and Household Expectations

Understanding how consumers form inflation expectations is a central question in macroe-
conomics with implications for monetary policy effectiveness, household financial decisions,
and overall economic stability. Prior work has emphasized the role of past inflation [Gaspar

et al., 2010], exposure to consumption-bundle prices [D’Acunto et al., 2021|, and central
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bank communication [Coibion et al., 2022]. Beyond these channels, the news media, and
the narrative frames through which inflation is discussed, may materially shape public per-
ceptions and expectations [Carroll, 2003, Lamla and Lein, 2014]. This section examines
how different inflation narratives predict consumer inflation expectations, with attention
to how media coverage translates economic data into cause-and-effect stories that resonate

differently across demographic groups.

2.12.1 Empirical Design

The analysis uses a uniform regression framework. Specifications vary by demographic group
or expectation measure while maintaining a consistent empirical approach. The baseline

model is

p
Etlmppn) = o+ Y BiEejlmjinl +yme—1 + 6log(Np—1) + > mpSpp—1 +et, (2.1)

J=1 k
where E¢[m; ] denotes inflation expectations at time ¢ for horizon h (1-year or 5-10 years),
1 is lagged realized inflation, log(N;_1) is the log number of sentences containing “in-
flation” (a proxy for inflation news volume), and S}, ;1 is the share of inflation sentences
expressing narrative k. The number of autoregressive lags p is chosen to minimize AIC for
each specification. Three specifications are reported for each horizon: (1) realized inflation
with optimal autoregressive lags, (2) adding the log number of inflation sentences, and (3) re-
sults from separate regressions that include a single narrative share at a time. “Other-cause,”
“other-effect,” and “no-narrative” shares are excluded for interpretability. All regressions use
monthly standardized variables, with t-statistics calculated using Newey and West [1994]

standard errors and automatically selected lag truncation.
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2.12.2  National Fxpectations

Table 2.6 reports baseline results for national average inflation expectations from the Michi-
gan Survey of Consumers. For 1-year expectations, realized inflation has a coefficient of 0.116
(t-statistic 2.92), and the relationship persists when controlling for inflation news volume
(0.119, t-statistic 3.00). Long-run expectations exhibit a substantially weaker relationship
with realized inflation (0.028, t-statistic 1.77), consistent with long-run expectations being
more firmly anchored.

The volume of inflation-related news has minimal predictive power for national average
expectations after controlling for realized inflation, with coefficients indistinguishable from
zero at both horizons. Specific narrative frames show predictive power beyond realized in-
flation and news volume, though at the national-average level they fall short of conventional
5% significance. For l-year expectations, the social narrative is the most influential predic-
tor (coefficient 0.034, t-statistic 1.82), approximately 29% of the magnitude of the realized
inflation effect. The wage narrative (0.031, t-statistic 1.67) and trade narrative (0.027, t-
statistic 1.73) show comparable associations. For long-run expectations, the redistribution
narrative is the strongest predictor (0.037, t-statistic 1.73), about 1.32 times the realized
inflation effect at that horizon, while the expectations narrative carries a negative coefficient
(—0.025, t-statistic —1.87), suggesting that media framing of expectations themselves may

operate differently across horizons.

2.12.3  Dispersion in Erpectations

Table 2.7 reports the analogous regressions with the standardized cross-sectional standard
deviation of individual inflation expectations as the dependent variable. For 1-year expecta-
tions, realized inflation has a coefficient of 0.064 (t-statistic 2.06). For 5-10 year expectations
the coeflicient is 0.038 (t-statistic 2.16). The volume of inflation news shows minimal asso-
ciation with dispersion.
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Table 2.6: National average inflation expectations and narrative shares. Dependent variable
is the standardized weighted average inflation expectation from the Michigan Survey of
Consumers, for 1-year and 5-10 year horizons. T-statistics in brackets use Newey and West
[1994] standard errors.

Dep. Var.: Avg. Inflation Expectations Horizon: 1 year Horizon: 5-10 years
m © ®3) CORN ) (6)
Baseline
L. YoY Realized Inflation 0.116 0.119 0.114 to 0.124 0.028 0.022 0.007 to 0.027
[2.92] [3.00] [2.83 to 3.15] [1.77] [0.99] [0.23 to 1.22]
L. Log(No. of Infl. Sentences) 0.000 -0.008 to 0.007 0.017 0.012 to 0.022
[0.01]  [-0.51 to 0.42] [0.69] [0.52 to 0.84]
Cause Narratives
Wage 0.031 -0.016
[1.67] [-1.09]
Expect 0.025 -0.025
[1.66] [-1.87]
Demand 0.014 -0.012
[1.31] [-0.67]
Fiscal 0.028 0.029
[1.23] [1.38]
Supply 0.014 0.007
[0.90] [0.37]
International 0.009 -0.025
[0.70] [-1.20]
Monetary 0.007 -0.004
[0.53] [-0.24]
Effect Narratives
Social 0.034 0.032
[1.82] [0.81]
Trade 0.027 0.010
[1.73] [0.52]
Uncertain 0.017 0.001
[1.16] [0.04]
Savings -0.013 -0.029
[-1.13] [-1.19]
Govt 0.023 0.017
[1.03] [1.07]
Purchase -0.015 -0.006
[-1.02] [-0.34]
Cost-Push -0.013 0.014
[-0.62] [0.54]
Redistribution 0.006 0.037
[0.40] [1.73]
Rates -0.004 -0.003
-0.27] [-0.18]
Cost 0.003 0.020
[0.14] [0.56]
Observations 558 557 557 416 415 415
Adj. R? 0.891 0.891 0.891 to 0.892 0.867 0.865 0.865 to 0.866

The dependent variables are standardized weighted average one-year ahead and 5-10 year ahead inflation expectations from
the Michigan Survey of Consumers. For each model, we include the optimal number of autoregressive lags that minimizes AIC.
Columns (1) and (4) regress expectations on lagged year-over-year realized inflation and the optimal number of autoregressive
lags. Columns (2) and (5) add the lagged log number of inflation sent s to the model (i.e., newspaper sentes containing
the word “inflation”). Columns (3) and (6) report results from separate regressions that each include the optimal number
of autoregre: e lags, lagged realized inflation, the lagged log number of inflation senten and one narrative at a time.
For lagged realized inflation and log number of inflation sentences, columns (3) and (6) show the range of coefficients and
t-statistics [in brackets| across the narrative regressions. For narratives, they show the coefficient and t-statistic from the
regression including that narrative. For columns (3) and (6), the adjusted R-squared values shown represent the range across
all narrative regressions. Realized Inflation is the standardized year-over-year percent change in the Consumer Price Index
for All Urban Consumers (All Items, U.S. City Average) from the Bureau of Labor Statistics. Narrative measures are lagged
standardized monthly shares of inflation sentences from ProQuest newspaper articles that we classify as expressing that
particular narrative about inflation. Sample period is September 1978 to February 2025 for one-year expectations and July
1990 to February 2025 for 5-10 year expectations. T-statistics shown in brackets are calculated using Newey and West [1994]
standard errors, optimally selected using the rule-of-thumb bandwidth estimator, computed to be 5 lags. All specifications
include a constant.
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Specific narrative frames show dramatically stronger associations with expectation dis-
persion than realized inflation. Social narratives strongly predict increased dispersion at
both horizons. For 1-year expectations, the social narrative coefficient (0.115) is approxi-
mately 1.8 times larger than the realized inflation coefficient (0.064), with a markedly higher
t-statistic (5.36 vs. 2.06). For 5-10 year expectations, the social narrative coefficient (0.084)
is about 2.2 times the realized inflation coefficient (0.038). Cost narratives also show sub-
stantial predictive power for dispersion, with coefficients of 0.069 (t-statistic 2.85) for 1-year
and 0.064 (t-statistic 2.67) for 5-10 year horizons, approximately 1.1 and 1.7 times the
corresponding realized inflation effects. Cost-push, fiscal, and supply narratives also predict
increased disagreement, though with smaller magnitudes. The savings narrative is associated
with reduced dispersion in long-run expectations (—0.036, t-statistic —2.01), suggesting that
coverage emphasizing savings behaviors may build consensus about distant future inflation.
The economic significance of these narrative effects on expectation dispersion substantially

exceeds that of realized inflation itself.

2.12.4 Income-Based Heterogeneity

Inflation expectations vary considerably with income, and so do the associations between
expectations and media narratives. Lower-income households (1st quartile) show stronger
responsiveness to inflation narratives than higher-income households (4th quartile). For
1-year expectations, the lowest-income households react strongly to social narratives (coeffi-
cient 0.130, t-statistic 3.32), expectations narratives (0.111, t-statistic 4.10), cost narratives
(0.080, t-statistic 2.08), and uncertainty narratives (0.074, t-statistic 2.39). The highest-
income households show much more muted responses, with their strongest reactions to trade
narratives (0.032) and social narratives (0.028). The 4.6-fold ratio between Q1 and Q4
social-narrative coefficients indicates that media framing operates very differently across the

income distribution, plausibly reflecting greater information frictions among lower-income
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Table 2.7: Standard deviation of inflation expectations and narrative shares. Dependent
variable is the standardized cross-sectional standard deviation of individual inflation expec-
tations from the Michigan Survey of Consumers. T-statistics in brackets use Newey and
West [1994] standard errors.

Dep. Var.: Std. Dev. Inflation Expectations Horizon: 1 year Horizon: 5-10 years
®n © ®3) @ 6 (6)
Baseline
L. YoY Realized Inflation 0.064 0.068 0.053 to 0.071 0.038 0.038 0.001 to 0.044
[2.06] [2.37] [1.99 to 255] [2.16] [1.85] [0.05 to 2.22]
L. Log(No. of Infl. Sentences) 0.016  0.000 to 0.026 0.008 -0.007 to 0.017
[1.00]  [0.00 to 1.54] [0.57] [-0.62 to 1.15]
Cause Narratives
Supply 0.030 0.018
[2.66] [1.47]
Fiscal 0.052 0.018
[2.13] [1.23]
Monetary -0.021 0.005
[-1.37] [0.33]
Demand -0.018 -0.013
[-1.32] [-1.00]
Wage -0.019 -0.009
[-1.27] [-0.93]
Expect 0.013 -0.000
[1.10] [-0.02]
International 0.008 -0.006
0.67] [-0.42]
Effect Narratives
Social 0.115 0.084
[5.36] [3.86]
Cost 0.069 0.064
[2.85] [2.67|
Cost-Push 0.041 0.024
[2.42] [1.33]
Savings -0.015 -0.036
[-0.95] [-2.01]
Govt -0.015 -0.016
[-0.84] [-1.00]
Uncertain 0.008 -0.028
[0.61] [-1.49]
Redistribution -0.007 0.005
[-0.40] [0.29]
Trade 0.006 -0.012
[0.40] [-0.93]
Rates -0.006 -0.004
[-0.34] [-0.27]
Purchase -0.001 0.008
[-0.11] [0.51]
Observations 552 551 551 416 415 405
Adj. R? 0.901 0.901 0.901 to 0.907 0.921 0.917 0.917 to 0.921

The dependent variables are standardized standard deviations of one-year ahead and 5-10 year ahead inflation expectations from the

Michigan Survey of Consumers. For each model, we include the optimal number of autoregressive lags that minimizes AIC. Columns
(1) and (4) regress the standard deviation on lagged year-over-year realized inflation and the optimal number of autoregressive lags.
Columns (2) and (5) add the lagged log number of inflation sentences (i.e., newspaper sentences containing the word “inflation”).
Columns (3) and (6) report results from separate regressions that each include the optimal number of autoregressive lags, lagged
realized inflation, the lagged log number of inflation sentences, and one narrative at a time. For lagged realized inflation and log
number of inflation sentences, columns (3) and (6) show the range of coefficients and t-statistics [in brackets| across the narrative
regressions. For narratives, they show the coefficient and t-statistic from the regression including that narrative. For columns (3) and
(6), the adjusted R-squared values shown represent the range across all narrative regressions. Realized Inflation is the standardized
year-over-year percent change in the Consumer Price Index for All Urban Consumers (All Items, U.S. City Average) from the Bureau
of Labor Statistics. Narrative measures are lagged standardized monthly shares of inflation sentences from ProQuest newspaper
articles that we classify as expressing that particular narrative about inflation. Sample period is March 1979 to February 2025 for
one-year expectations and July 1990 to February 2025 for 5-10 year expectations. T-statistics shown in brackets are calculated
using Newey and West [1994] standard errors, optimally selected using the rule-of-thumb bandwidth estimator, computed to be 5
lags. All specifications include a constant.
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households and greater reliance on general news media when forming expectations.

Lower-income households also show greater sensitivity to the volume of inflation news.
The coefficient on the lagged log number of inflation sentences is 0.057 (t-statistic 1.47)
for the 1st quartile compared to —0.020 (t-statistic —1.05) for the 4th quartile. For long-
run expectations, the lowest-income households show strong responses to cost narratives
(0.101, t-statistic 2.17) and social narratives (0.092, t-statistic 1.80) and negative responses
to demand narratives (—0.080, t-statistic —2.56) and international narratives (—0.048, t-
statistic —1.82). Sensitivity to realized inflation also varies systematically. For long-run
expectations, lower-income households show stronger anchoring to realized inflation (0.078,
t-statistic 2.75) than higher-income households (0.027, t-statistic 0.78), suggesting higher-
income households more effectively distinguish transitory from permanent shocks.

Table 2.8 reports regressions with the gap in expectations between the bottom and top
income quartiles as the dependent variable. The 1st quartile expects higher inflation rates
on average (5.03% for l-year and 4.54% for 5-10 years) than the 4th quartile (3.45% for
l-year and 3.40% for 5-10 years). Cost narratives are associated with larger disparities,
with a coefficient of 0.128 (t-statistic 2.30) for short-term and 0.126 (t-statistic 2.28) for
long-term expectations. Social narratives similarly widen the gap (0.114, t-statistic 1.87, for
l-year; 0.117, t-statistic 2.03, for 5-10 year). International narratives narrow the short-term
gap (—0.108, t-statistic —3.07), and demand narratives narrow the long-term gap (—0.107,
t-statistic —3.00), suggesting some narrative types provide common information that aligns
expectations across income groups at different horizons. The volume of inflation news itself

widens the expectations gap, though the estimate is imprecise.

2.12.5 FEducation-Based Heterogeneity

A parallel pattern holds across education groups. For 1-year expectations, non-college grad-

uates show meaningful sensitivity to expectations narratives (coefficient 0.052, t-statistic
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Table 2.8: Income-based inflation expectations gap (lowest minus highest income quartile)
and narrative shares. T-statistics in brackets use Newey and West [1994] standard errors.

Dep. Var.: Lowest - Highest Income Quartile Horizon: 1 year Horizon: 5-10 years
Inflation Expectations Gap

® © &) (CORNN ) (6)

Baseline
L. YoY Realized Inflation 0.188 0.149 0.087 to 0.164 0.115 0.096 0.040 to 0.106
[4.29] [3.65] [1.94 to 3.79] [2.88] [2.53] [0.86 to 2.98]
L. Log(No. of Infl. Sentences) 0.097 0.073 to 0.112 0.041  0.021 to 0.056
[1.94] [1.53 to 2.14] [1.17]  [0.56 to 1.49]
Cause Narratives
International -0.108 -0.038
[-3.07] [-1.09]
Wage -0.048 -0.055
[-1.77] [-1.66]
Supply -0.053 -0.018
[-1.51] [-0.56]
Expect 0.039 0.012
[1.14] [0.47]
Fiscal -0.031 -0.003
[-0.84] [-0.08]
Demand -0.017 -0.107
[0.49] [-3.00]
Monetary 0.020 -0.033
[0.42] [-0.95]
Effect Narratives
Cost 0.128 0.126
[2.30] [2.28]
Social 0.114 0.117
[1.87] [2.03]
Trade -0.048 0.011
[-1.34] [0.33]
Govt 0.047 0.065
[1.21] [1.91]
Cost-Push 0.061 0.050
[1.19] [0.90]
Purchase 0.036 0.000
[1.06] [0.00]
Uncertain -0.029 0.004
[-0.79] [0.10]
Rates 0.025 0.015
[0.64] [0.40]
Savings -0.017 -0.042
[-0.52] [-0.81]
Redistribution -0.003 0.039
[-0.07] [1.02]
Observations 524 523 523 395 394 394
Adj. R? 0.279 0.278 0.277 to 0.287 0.528 0.522 0.521 to 0.531

The dependent variables are standardized differences between weighted average inflation expectations of the lowest income quartile

and the highest income quartile from the Michigan Survey of Consumers. For each model, we include the optimal number of
autoregressive lags that minimizes AIC. Columns (1) and (4) regress the expectation gap on its lagged realized inflation and the
optimal number of autoregressive lags. Columns (2) and (5) add the lagged log number of inflation sentences to the model (i.e.,
newspaper sentences containing the word “inflation”). Columns (3) and (6) report results from separate regressions that each include
the optimal number of autoregressive lags, lagged realized inflation, the lagged log number of inflation sentences, and one narrative
at a time. For lagged realized inflation and log number of inflation sentences, columns (3) and (6) show the range of coefficients
and t-statistics [in brackets] across the narrative regressions. For narratives, they show the coefficient and t-statistic from the
regression including that narrative. For columns (3) and (6), the adjusted R-squared values shown represent the range across all
narrative regressions. Realized Inflation is the standardized year-over-year percent change in the Consumer Price Index for All
Urban Consumers (All Items, U.S. City Average) from the Bureau of Labor Statistics. Narrative measures are lagged standardized
monthly shares of inflation sentences from ProQuest newspaper articles that we classify as expressing that particular narrative
about inflation. Sample period is July 1981 to January 2025 for one-year expectations and April 1992 to January 2025 for 5-10
year expectations. T-statistics shown in brackets are calculated using Newey and West [1994] standard errors, optimally selected
using the rule-of-thumb bandwidth estimator, computed to be 5 lags. All specifications include a constant.
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2.14), supply narratives (0.027), and wage narratives (0.022). College graduates show more
muted responses, with strongest reactions to uncertainty narratives (0.028, t-statistic 2.00),
expectations narratives (0.026, t-statistic 1.64), and demand narratives (0.019, t-statistic
1.61). Non-college graduates also show greater sensitivity to the volume of inflation news.
The coefficient on lagged log inflation sentences is 0.028 (t-statistic 1.04) for non-college
graduates and —0.014 (t-statistic —0.90) for college graduates. For long-run expectations,
non-college graduates respond to fiscal narratives (0.054, t-statistic 1.65) and cost narratives
(0.073, t-statistic 1.01), while college graduates respond mainly to uncertainty narratives
(0.054, t-statistic 2.06) and demand narratives (0.036).

Table 2.9 reports the education expectations gap. Non-college graduates report consis-
tently higher inflation expectations than college graduates, with a gap of 0.76 percentage
points for 1-year expectations (4.69% vs. 3.93%) and 0.62 percentage points for 5-10 year
expectations (4.14% vs. 3.52%). Social narratives widen these gaps. A one standard devi-
ation increase in social narratives is associated with a 0.169 standard deviation increase in
the 1-year gap (t-statistic 3.43) and a 0.123 standard deviation increase in the 5-10 year gap
(t-statistic 2.98). Cost narratives also widen the 1-year gap (0.130, t-statistic 2.62). Higher
supply narrative prevalence narrows the long-run gap (—0.067, t-statistic —1.80). The vol-
ume of inflation news widens the gap as well, with a coefficient of 0.076 (t-statistic 1.99) for

1-year and 0.052 (t-statistic 1.23) for 5-10 year expectations.

2.12.6  Narratives and Realized Inflation

A natural concern with these results is that narratives may simply track realized inflation, in
which case their predictive power for expectations would reflect superior information about
inflation fundamentals rather than a distinct channel. Regressions of realized inflation on
the same set of narrative shares and news-volume controls show that neither the volume of

inflation news nor specific narrative frames predict actual realized inflation. Narratives sub-
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Table 2.9: Education-based inflation expectations gap (non-college minus college graduates)
and narrative shares. T-statistics in brackets use Newey and West [1994] standard errors.

Dep. Var.: Non-College - College Graduates Horizon: 1 year Horizon: 5-10 years
Inflation Expectations Gap

n @ ®3) @ © (6)

Baseline
L. YoY Realized Inflation 0.005 -0.032 -0.155 to -0.025 0.119 0.098 0.033 to 0.123
[0.11] [-0.71] [-2.98 to -0.56] [2.50] [2.19] [0.65 to 2.61]
L. Log(No. of Infl. Sentences) 0.076  0.061 to 0.090 0.052  0.031 to 0.067
[1.99] [1.68 to 2.41] [1.23] [0.81 to 1.49]
Cause Narratives
Expect 0.058 0.022
[1.87] [0.72]
Wage -0.045 -0.023
[-1.56] [-0.64]
International -0.045 -0.021
[-1.51] [-0.55]
Fiscal 0.035 0.069
[0.91] [1.59]
Demand -0.032 -0.053
[-0.84] [-1.45]
Monetary 0.018 0.014
[0.61] [0.52]
Supply 0.019 -0.067
[0.53] [-1.80]
Effect Narratives
Social 0.169 0.123
[3.43] [2.98]
Cost 0.130 0.087
[2.62] [1.65]
Cost-Push 0.086 0.051
[1.89] [0.85]
Savings -0.032 -0.056
[-1.22] [-1.49]
Govt 0.028 0.017
[0.74] [0.44]
Purchase 0.010 -0.052
[0.31] [-1.42]
Rates 0.004 -0.001
[0.11] [-0.02|
Uncertain 0.003 -0.043
[0.08] [-1.02]
Trade -0.002 0.034
[-0.06] [0.84]
Redistribution -0.002 0.033
[-0.05] [1.07]
Observations 546 546 546 399 399 399
Adj. R? 0.418 0.421  0.420 to 0.435 0.463 0.464 0.462 to 0.472

The dependent variables are standardized differences between weighted average inflation expectations of non-college graduates and
college graduates from the Michigan Survey of Consumers. For each model, we include the optimal number of autoregressive lags
that minimizes AIC. Columns (1) and (4) regress the expectation gap on lagged year-over-year realized inflation and the optimal
number of autoregressive lags. Columns (2) and (5) add the lagged log number of inflation sentences to the model (i.e., newspaper
sentences containing the word “inflation”). Columns (3) and (6) report results from separate regressions that each include the optimal
number of autoregressive lags, lagged realized inflation, the lagged log number of inflation sentences, and one narrative at a time. For
lagged realized inflation and log number of inflation sentences, columns (3) and (6) show the range of coefficients and t-statistics [in
brackets| across the narrative regressions. For narratives, they show the coefficient and t-statistic from the regression including that
narrative. For columns (3) and (6), the adjusted R-squared values shown represent the range across all narrative regressions. Realized
Inflation is the standardized year-over-year percent change in the Consumer Price Index for All Urban Consumers (All Items, U.S.
City Average) from the Bureau of Labor Statistics. Narrative measures are lagged standardized monthly shares of inflation sentences
from ProQuest newspaper articles that we classify as expressing that particular narrative about inflation. Sample period is January
1978 to June 2024 for one-year expectations and Apnl 1990 to June 2024 for 5-10 year expectations. T-statistics shown in brackets
are calculated using Newey and West [1994] standard errors with 5 lags.
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stantially influence expectations across demographic groups while having limited predictive
power for the inflation outcomes those expectations are trying to forecast. This disconnect
indicates that narratives shape expectations through channels other than those conveying

superior information about future inflation.

2.13 Discussion

The findings have implications for monetary policy and for theoretical accounts of expecta-
tion formation.

Central banks dedicate substantial resources to communication strategies, but only part
of the message reaching households is under their direct control. Media interpretation and
narrative framing are at least equally consequential. The heightened sensitivity of lower-
income and non-college households to media narratives indicates that demographic-specific
communication strategies may improve policy transmission, and that uniform messaging may
amplify rather than narrow expectation gaps.

The regional and partisan differences in inflation narratives suggest that geographic varia-
tion matters when crafting communication strategies. Regional Federal Reserve banks could
benefit from monitoring local media narratives as leading indicators of expectation formation
in their districts.

The relationship between narrative frames and expectation formation across demographic
groups can be incorporated into heterogeneous-agent models of expectation dynamics. Doing
so offers a path to better understanding monetary policy transmission and the persistence of
inflation expectation disagreement, two regularities that purely fundamentals-based models

of expectation formation struggle to reproduce.
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2.14 Limitations

Several limitations apply to the findings in Part II. The regressions establish that narra-
tives predict expectations, not that narratives cause expectation changes. Identifying causal
effects requires plausibly exogenous variation in narrative exposure, which is left to future
work using instrumental variable strategies based on plausibly idiosyncratic shocks to media
coverage.

The classification approach in Part I requires manual development of an ontology of
causes and effects, which limits automated discovery of mechanisms not already specified.
The TopicGPT validation in §2.10.3 indicates that the manual ontology captures the full
range of inflation explanations found in the corpus, but the validation is itself sample-based
and would require re-running if the corpus is extended substantially.

The expectation analyses use survey data from the Michigan Survey of Consumers, which
is the standard reference series but is one of several survey instruments. Additional anal-
yses using the Federal Reserve’s Survey of Household Economics and Decisionmaking can
establish whether the patterns documented here replicate in alternative measurement frame-

works.
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Figure 2.4: One-year rolling average monthly shares of the top three cause and effect narra-
tives across the full ProQuest sample, January 1923 to January 2025. Gray shaded regions
indicate NBER recession periods.
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Figure 2.5: Differences in inflation narrative shares between newspapers headquartered in
Northern and Southern cities. Error bars represent 95% confidence intervals. Purple bars
indicate narratives more prevalent in Northern newspapers, red bars indicate narratives
more prevalent in Southern newspapers. Cities are classified relative to the Mason-Dixon
line. Local newspapers only.
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three time-varying periods (1923-1960, 1960-1990, 1990-2025). Local newspapers only.



CHAPTER 3
CASESUMM: A LARGE-SCALE DATASET FOR
LONG-CONTEXT SUMMARIZATION FROM U.S. SUPREME
COURT OPINIONS

3.1 Introduction

Although large language models (LLMs) are claimed to handle long contexts [GPT-4 Team,
2024, Bubeck et al., 2023, Claude Team, 2024], including summarizing very long inputs, how
well they perform long-context summarization is an open question.

Evaluating long-context summarization is challenging for several reasons. First, human
ground-truth summaries are often not available [Cao et al., 2024, Chang et al., 2024]. More-
over, it’s unclear whether we should trust human abilities to even create ground-truth sum-
maries. Second, what makes a good summary in one setting may not generalize to other
settings. For example, what’s relevant in a legal text is different than what’s relevant in a
novel. Lastly, identifying salient information in complex domains often requires expertise.

These challenges are addressed by introducing a new dataset where “ground-truth” sum-
maries are available and conducting a comprehensive human evaluation to benchmark ex-
isting models. In particular, CASESUMM is built, a legal case summarization dataset con-
sisting of 25.6K U.S. Supreme Court cases and their official summaries, called syllabuses.
Syllabuses are written by an attorney employed by the Court and approved by the Justices.
The syllabus is therefore the gold standard for summarizing majority opinions, and ideal for
evaluating other summaries of the opinion. The opinions are obtained from Public Resource
Org’s archive and syllabuses are extracted from the official opinions published in the U.S.
Reporter and hosted by the Library of Congress. This dataset is at least approximately
25% larger, covers 3 times as many years (1815-2019), and is publicly available with fewer

copyright restrictions than similar legal datasets [Fang et al., 2023b, Trivedi et al., 2024|,
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representing a rich resource for the research community.

Beyond the legal domain, several datasets have been introduced to improve evaluation
of long-context summarization |[Krysciniski et al., 2022, Sharma et al., 2019, Kornilova and
Eidelman, 2019, Huang et al., 2021b|. CASESUMM continues this trend, with longer source
and summary texts and high-quality reference summaries written by domain experts. Unique
among these datasets, CASESUMM spans over two centuries, showing substantial variation
in the lengths and compression rates of summaries, and provides a resource for studying
expert summarization in a high-stakes domain.

To highlight the opportunities and challenges of this dataset, both automatic and human
expert evaluations of LLM-generated summaries of SCOTUS opinions are presented, and
two “control” human-written summaries from Westlaw and Oyez are included. According
to both human and automatic metrics, fine-tuning Mistral successfully guides the model to
more accurately mimic the official syllabuses and reflect the lexical and semantic content
within them, than other much larger models.

However, overall automatic metrics do not correlate well with human judgments, and
LLM-based evaluation does not do better. Syllabuses and fine-tuned Mistral summaries per-
form highly on automatic evaluation but rank lower according to human evaluators, whereas
GPT-4 is reliably ranked highly in human evaluation despite only average performance on
automated metrics. Furthermore, GPT-4-generated summaries often outperform human-
written ones, including official syllabuses, but not on factual correctness. These findings
challenge the notion of human-written ground-truth summaries.

Finally, an error analysis of hallucinations in GPT-4- and Mistral-generated summaries
is conducted, identifying factual errors ranging from precedent citation errors to misrepre-
sentations of the facts of the case and procedural history as recounted in the source opinions.

In sum, the following contributions are made:

e A new large-scale dataset for long-context summarization in the legal domain is introduced,
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consisting of 25.6K U.S. Supreme Court cases and their official syllabuses from 1815-2019.

e A comprehensive evaluation of LLM-generated summaries using both automatic metrics
and expert human evaluation is presented, revealing discrepancies between these assess-

ment methods.

e A comparative analysis of summaries generated by fine-tuned models and larger, general-
purpose models is provided, offering insights into their relative strengths and weaknesses

in legal summarization tasks.

3.2 Related Work

Evaluation for summarization. ROUGE [Lin, 2004] has been the dominant summa-
rization metric, despite criticism of its high lexical dependence [Schluter, 2017, Cohan and
Goharian, 2016]. Newer metrics like BERTScore [Zhang et al., 2019] and BARTScore [Yuan
et al., 2021] aim to capture semantic similarities. However, automatic metrics often don’t
correlate well with human judgments [Yuan et al., 2021, Fabbri et al., 2021, Bhandari et al.,
2020]. This work focuses on high-stakes long-context summarization, showing the need for
better metrics persists despite LLM progress. Chang et al. [2024] extended LLM-based eval-
uation to book-length summaries, but this approach doesn’t consider how experts weigh the
importance of including or omitting certain information in a summary, while also being slow
and costly. Cao et al. [2024] developed a framework for characterizing LLM summaries of
financial documents. This work extends this research by evaluating and comparing model-
and human-generated summaries in the legal domain.

LLMs as evaluators. A growing line of work uses LLMs themselves as evaluators of
generated text, motivated by the cost of expert annotation and the limited coverage of
reference-based metrics. G-Eval [Liu et al., 2023] prompts a language model to score can-

didate summaries along dimensions such as consistency, relevance, coherence, and fluency.
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Subsequent work introduces more structured protocols, including fact-decomposition ap-
proaches [Song et al., 2024]. The evaluation in this chapter contributes a domain-specific
test of whether an LLM judge tracks expert ranking better than lexical overlap metrics in a
setting where expert judgment is the relevant ground truth.

Hallucination in long-form generation. Factual errors in generated text, often called
hallucinations [Huang et al., 2023|, are a known failure mode of abstractive summarization
and become more difficult to detect as outputs grow longer and more fluent. Hallucinations
in legal text are particularly consequential because errors can propagate to downstream legal
research and reasoning. The error analysis in this chapter contributes a fine-grained taxon-
omy of hallucination types observed in summaries of Supreme Court opinions, distinguishing
surface-level factual errors from misrepresentations of legal reasoning.

Expert evaluation in high-stakes domains. Prior work on summarization in expert
domains has emphasized that surface-similarity metrics can mask substantive errors. In fi-
nance, expert raters identify omissions invisible to ROUGE [Cao et al., 2024], and analogous
gaps appear in medical and scientific summarization. The legal domain places further de-
mands on summary content: the holding, the procedural posture, and citation accuracy each
carry distinct interpretive weight, and a summary that captures one without the others is
not merely incomplete but potentially misleading.

NLP and summarization in the Legal Domain. Natural language processing has
been applied to various legal tasks, including summarization [Bauer et al., 2023], discov-
ery [Zou and Kanoulas, 2020], redaction |[Garat and Wonsever, 2022|, case outcome predic-
tion [Medvedeva et al., 2023, Cui et al., 2023], and Bar Exam performance [Katz et al.,
2023a]. For comprehensive surveys of NLP in the legal domain, see Katz et al. [2023b] and
Kapoor et al. [2024].

Datasets in the legal domain. This dataset is unique in providing U.S. Supreme Court

opinions with syllabuses, unlike other datasets that lack syllabuses |Chalkidis et al., 2022,

46



Dataset # Docs. +# Words
Source Summary

Super-SCOTUS (1955-2019) 6.6k 9.3k 791
BillSum (1993-2018) 22.2k 1.8k 208
GovReport™ 18.5k 9.4k 553
Multi-LexSum** 4.5k 75.5k 647
Oyez (1955-2012)%** 622 4.8k 356
Westlaw (1956-2011) 156 4.5k 143
CASESUMM (1815-2019) 25.6k 2.6k 314

CASESUMM (1955-2019) 7.2k 4.9k 745

CASESUMM (1815-1955) 18.4k 3.4k 289

Table 3.1: Comparison of CASESUMM and related long-context summarization datasets
in the legal domain. *GovReport does not report the range of years covered. **Multi-
LexSum is a multi-document summarization dataset. ***QOyez summaries are a subset of

SuperSCOTUS.

Henderson et al., 2022] or provide only ancillary data [Law, 2024|. Fang et al. [2023b] present
Super-SCOTUS, a dataset of Supreme Court documents, including a subset of syllabus and
opinion pairs and highlight its contribution to political and social science research. In con-
trast to Super-SCOTUS, the CASESUMM dataset consists of cleaned and carefully trimmed
opinion and syllabus pairs. For each decision PDF, the syllabus and majority opinion are
identified and extracted. Headers and concurrent and dissenting opinions are removed, while
properly including footnotes. CASESUMM is a strict super-set of Super-SCOTUS with de-
scriptive statistics that reflect the improved data processing pipeline. CASESUMM extends
further back to 1815 and, by being extracted directly from source opinions, provides the
community with a readily available summarization resource with fewer copyright restric-
tions. Table 3.1 situates CASESUMM alongside related long-context legal summarization

datasets.
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3.3 Dataset

When the Supreme Court resolves a case, it publishes a majority “opinion” announcing the
outcome and reasoning for their decision. The Court will also disseminate a summary of the
opinion called the “syllabus”, which is written by an attorney employed by the Court and
approved by the Justices. The syllabus must include the main elements of the opinion: the
facts of the case, the procedural history, the legal question to be decided, and the answer
to that question. Accurately summarizing each of these sections requires (1) understanding
sophisticated legal reasoning and (2) identifying the most salient aspects of the case.

As one of the longest standing institutions in U.S. history, the Supreme Court has pub-
lished thousands of opinions and syllabuses over the past 200 years. Looking at cases between
1815 and 2019, 25.6K pairs of opinions and syllabuses are collected for the dataset.
Dataset construction. The dataset is compiled from multiple sources. Opinions published
in U.S. Reports Volume 15-546 (years 1815-2005) and Volumes 546-591 (2005 through Trump
v. Vance (2019)) are obtained from Public Resource Org’s online archive [Public Resource
Org, 2024| and the Super-SCOTUS data set [Fang et al., 2023b], respectively. Syllabuses are
extracted from PDFs of the opinions hosted on the Library of Congress’s website |[Library of
Congress, 2024].

Extracting syllabuses from the original PDFs is challenging for several reasons. First,
identifying the start and end of the syllabus is complicated because the formatting and style
of SCOTUS decisions have changed over time. Low quality scans of 19th and 20th century
documents make the extraction task even more difficult. Together, these issues constrain
the kinds of rules, or signals, that can be leveraged to reconstruct the structure of the text
in the PDFs, requiring identification of alternatives.

To ensure accurate syllabus extraction, the PDFs are processed in multiple ways. First, a
set of regular expressions is designed to identify the start of the syllabus, providing coverage

of decisions with different styles. Then, an algorithm based on open-source computer vision
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Figure 3.1: Opinion and syllabus lengths, compression rates by syllabuses, and correlations
between opinion and syllabus lengths, 1815-2019. Dashed blue and orange lines give average
compression rate and correlation. Lines are smoothed with 5-year moving-average.

software |Bradski, 2000] is developed to identify continuous lines, allowing distinction of
footers from the main text of a page. Finally, differences in line density, a measure that
is more robust to OCR and scan quality, combined with regular expressions are used to
determine when the syllabus ends.

Since a new dataset is built, there are no accessible ground-truths to automatically eval-
uate the technique for extracting syllabuses from PDFs. Instead, 100 cases are randomly
sampled and the extracted syllabus is manually evaluated by comparing them to the original
PDFs. 96 of the 100 are perfect extractions while the remaining 4 syllabuses are partially
truncated. These results highlight the quality of the dataset as a rich resource for long-
context summarization.

Descriptive statistics.

To demonstrate the value of the dataset as a resource for abstractive summarization,
the lengths of the opinions and their syllabuses are compared. The average Supreme Court
opinion is 2,612 words long. The average syllabus is 314 words long, about 21.8% the length
of the opinion it is summarizing. Figure 3.1 shows lengths have risen over time. Since 1980,
opinions and syllabuses average 4,151 and 731 words, respectively, nearly double the average

for the entire 1815-2019 period. Although compression rates, defined as the ratio of words
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in a syllabus to words in an opinion have been relatively stable over time, averaging 21.8%
from 1815-2019, the Pearson correlation between the length of an opinion and its syllabus,
while variable, has increased over time. Whereas this correlation was just 0.46 before 1920,
it has been 0.68 since then. Given the changes in opinion and syllabus lengths and in the
correlation between syllabus and opinion lengths, this data set is a valuable resource for

modeling and evaluating expert summaries, especially in the legal domain.

3.4 Experiment Setup

3.4.1 Data and Modeling

Data preprocessing and splits. Syllabuses are used as a supervision signal in the sum-
marization modeling experiment and as reference summaries for evaluating the human and
model-generated summaries. As discussed in §3.3, the substance and style of syllabuses have
changed over time. Therefore, the supervision signal has changed over time. The motivating
use case in the summarization task is a legal professional conducting research. For such a
professional, while concision has value, comprehensiveness is more valuable. By manually
studying summaries, more comprehensive syllabuses are determined to begin with a summary
of the facts of the case, followed by a new section—marked by the text “Held:"—containing
details about the issues, analyses, and conclusions that the opinion commented on. Modern
syllabuses consistently adhere to this structure.

Therefore, the dataset is filtered to include only opinion/syllabus pairs where the syllabus
contains the pattern “Held:”. This subset of the dataset is called “structured". The length of
structured syllabuses is more strongly correlated with the length of their respective opinions
(r = 0.65) than the length of unstructured syllabuses is with the length of their opinions (r =

0.46). Furthermore, structured syllabuses are on average 2.5x longer than the unstructured

syllabuses. Overall, the structured dataset contains 6,683 case/syllabus pairs. These are
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split into a training set (n=>5,455), validation set (n=606), and test set (n=622).
Modeling. Two approaches for completing the legal case summarization task are pursued
and tested. The first approach is zero-shot prompting with proprietary and with open-source
LLMs. The proprietary LLM employed is GPT-4 Turbo |[GPT-4 Team, 2024]. The open-
source LLM employed is Mistral 7b Instruct [Jiang et al., 2023]. The opinions in the dataset
have 4,983 tokens on average, and the syllabuses average 755 tokens. The second approach
is instruction fine-tuning [Wei et al., 2021| the open-source model, Mistral 7b Instruct, using
the syllabuses in the training data set. Models used in a zero-shot setting are referred to by
model name: Mistral Base and GPT-4, and the fine-tuned Mistral model as Mistral F'T.
For fine-tuning, the input consists of a short instruction, the opinion, and the syllabus.
Standard auto-regressive language modeling is used but only the language modeling loss for
the syllabus is backpropagated. LoRA-based Parameter-Efficient Fine-Tuning (PEFT) [Hu

et al., 2021] is used to train a subset of the parameters.

3.4.2  Fwvaluation Strategies

“Control group” summaries. The three machine-generated summaries (Mistral Base,
Mistral FT, and GPT-4 Turbo) are benchmarked along with two additional human-generated
sources for purposes of having a control group of human-written summaries not explicitly
intended to mimic syllabuses. First, public Oyez summaries are collected from the Super-
SCOTUS dataset |[Fang et al., 2023b]. Oyez summaries are composed of three sections: Facts
of the Case, Question, and Conclusion. Second, Westlaw’s commercial summaries of cases
are collected via their online interface.

Automatic Evaluation. Following recent work on summarization |[Koh et al., 2022],
ROUGE and BERTScore [Lin, 2004, Zhang et al., 2019] are used as automated metrics for
evaluating generated summaries against the reference syllabuses. With this, the relevance

of the summaries is assessed. Each of the metrics is broken down by their precision, recall,
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and F1l-score, highlighting how models balance trade-offs between coverage and concision.

To further characterize the summaries, the summaries are compared based on compression

rate, defined as the number of words in a syllabus over the number of words in an opinion,
and the correlation between opinion lengths and summary lengths. Compression is used as a
measure of brevity and correlation as a measure of how responsive summaries are to changes
in the amount of content in the opinions.
Human Evaluation. For the human evaluation, second- and third-year law students are
recruited and paid to read several opinions and 5 summaries of each opinion (Mistral FT,
GPT-4, official syllabus, Westlaw, and Oyez). Students are asked to rank each summary
(from 1 to 5) on several metrics: did the summary contain all relevant information from the
opinion (sensitivity), did it exclude irrelevant information (specificity), was the summary
clear (clarity), and did the summary have a style suggesting it was written by an experienced
attorney (style). Finally, students are asked to report the number of facts in the summary
that were false based on their reading of the opinion (error). Students are not told the
source of each summary.

In total, students read 57 opinions. The sample of opinions and summaries included 33
unique cases, and the median student read 5 cases. Given that students are asked to rank
opinions from 1 to 5 (implying a mean of 3 and variance of 2), the minimum detectable
effect, with 95% confidence and 80% power, was 0.52 rank points.

Experimenting with LLM-based evaluations. Metrics like ROUGE and BERTScore
provide a baseline for assessing lexical and semantic alignment between a candidate and ref-
erence text. However, they can miss deeper qualities that humans value in a good summary.
LLMs offer a new way to evaluate summaries and to address some of these shortcomings [Liu
et al., 2023, Song et al., 2024|. Still, their results are variable and sensitive to their prompts.
In this work, how well G-Eval [Liu et al., 2023|, a GPT-4-based evaluation tool, agrees with

human ratings compared to ROUGE and BERTScore is studied. This helps understand
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whether G-Eval offers a better way to evaluate summaries when a reference is unavailable
or when traditional metrics fall short. Both the default implementation of G-Eval, as well

as an adapted version to more closely reflect the human evaluation setup, are tested.

3.5 Results

The results indicate consistencies and discrepancies in the outcomes of automatic and human
evaluations. On the one hand, model-generated summaries largely outperform the control
human-written summaries on automatic measures of relevance, while also matching or ex-
ceeding them in the human evaluation. On the other hand, automatic metrics prefer Mistral
FT summaries over GPT-4 ones, whereas expert humans most commonly rank GPT-4 over
Mistral FT. Furthermore, all summaries are shorter than their reference syllabuses and do not
correlate as strongly with opinion lengths. Despite this, humans prefer GPT-4 summaries,
revealing that its summaries may represent a more desirable trade-off between concision and

comprehensiveness.

3.5.1 Automated Evaluation Favors Fine-tuned Mistral Summaries

Overall, fine-tuning Mistral is particularly effective at improving the recall scores across all
the metrics: ROUGE recall scores increase by an average of 21 points, BERTScore recall by
15 points. However, effects of fine-tuning on precision are weaker and more mixed. Table 3.2
reports ROUGE and BERTScore precision, recall, and F1 against the official syllabuses for
all five summary sources, and Table 3.3 reports BARTScore. Mistral F'T achieves the best
F1 on every ROUGE variant and on BERTScore, while GPT-4 obtains the best precision
and second-best F1. Perhaps fine-tuning sacrifices brevity for inclusion of more words in a
syllabus, i.e., improves the sensitivity of summaries at a cost to specificity.

Control summaries help highlight effects of style differences on automatic met-

rics. By comparing against the two control human-written summaries, Westlaw is clearly
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ROUGE-1 1 ROUGE-2 1 ROUGE-L ¢t BERTScore 1
Method P R F1 P R F1 P R F1 P R F1

GPT-4 Turbo 71.2 37.1 451 31.1 155 192 349 181 219 67.4 622 64.6
Mistral Base  64.3 134 20.0 234 4.6 70 411 7.8 11.8 61.3 485 54.0
Mistral FT 63.3 43.1 48.1 30.1 20.5 23.0 349 23.6 264 66.0 64.4 65.1

Oyez 64.0 351 416 285 150 181 344 186 22.1 642 618 629
Westlaw 71.5 205 294 327 91 132 42.3 11.8 170 65.0 557 599

Table 3.2: Automatic evaluation of model-generated and human-written summaries, where
official syllabuses are the reference summaries. Sample includes 622 Supreme Court cases.
There are 622 observations on each type of summary except Westlaw, for which we only have
156 observations. For each metric, we report precision (P), recall (R), and Fl-score (F1).
For each metric, we bold the best score(s) and underline the second best score(s).

an outlier. While GPT-4 and Mistral FT scores mostly resemble Oyez, Westlaw’s recall
scores are particularly low, only surpassing Mistral base. This poor performance on recall,
but strong performance on precision, may be a product of how short those summaries are.
Table 3.4 reports descriptive statistics on summary length, compression, and the correlation
between summary length and opinion length. Westlaw summaries average 142 words and
have essentially no relationship with opinion length, whereas official syllabuses average 750

words with a strong opinion-length correlation (r = 0.68).

3.5.2  Summaries do not Scale with Opinion Length as much as Official

Syllabuses

A unique aspect of CASESUMM is that it includes SCOTUS cases dating back to more than
two centuries ago. This breadth enables researchers to investigate summaries from many
different angles. In this subsection, candidate summaries are characterized through the lens
of length and compression and how these variables may affect summary quality over time is
explored.

Length & Compression. In the dataset, both the opinion and syllabus lengths system-
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BARTScore |
Method P R F1

GPT-4 Turbo 256.0 335.1 289.5
Mistral Base 277.0 380.1 316.8
Mistral FT 2979 312.3 298.1

Oyez 346.5 334.6 339.3
Westlaw 307.8 3452 3235

Table 3.3: BARTScores of model-generated and human-written summaries, where official
syllabuses are the reference summaries. Sample includes 622 Supreme Court cases. There
are 622 observations on each type of summary except Westlaw, for which we only have
156 observations. We report precision (P), recall (R), and Fl-score (F1). BARTScores are
negative log-likelihoods, so lower scores are better. We bold the best score(s) and underline
the second best score(s). For the scoring model, we use facebook/bart-large-cnn, the
default model used in Yuan et al. [2021]

Method Length Compression Correlation
Opinion 6640 - -
Syllabus 750 0.176 0.676™"
GPT-4 321 0.092 0.088"
Mistral Base 126 0.034 0.151""
Mistral F'T 447 0.121 0.179""
Oyez 332 0.096 0.094"
Westlaw 142 0.044 0.025

Table 3.4: Descriptive statistics on summaries in test set (n=622). Length is number of
words. Compression rate is ratio of words in syllabus to words in opinion. Smaller number
is more compression. Opinion included as reference. ("p < 0.05 “p < 0.01, ™"p < 0.001)
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atically co-vary across time. Syllabuses in the sample have an average compression rate
of 17.6%, meaning they tend to be about one-sixth the length of the original opinions. In
generated summaries, Mistral FT produces summaries closest in length to these syllabuses,
even outperforming GPT-4, which was also prompt-optimized to mimic syllabuses. Westlaw
produced the shortest summaries, followed by Mistral without fine-tuning.

Regarding the correlation between summary and opinion lengths, syllabuses demonstrate
the strongest relationship with opinion lengths: doubling opinion length increases syllabus
length by nearly 2/3. In contrast, Mistral FT summaries show a weaker correlation, with
doubling opinion length increasing summary length by only 18%. Westlaw summaries ex-
hibit almost no correlation with opinion length, maintaining a consistent target length of
approximately 150 words. These findings highlight the dataset as a rich resource for future
work in investigating how automatic summarization methods may adapt to varying source
document lengths, ensuring that all salient information is captured regardless of length.
Precision & recall diverge over time. The Supreme Court Data Base, which contains
metadata on SCOTUS cases, is used to see if any particular metadata can explain variation
in summarization quality. While notable variation is not found across most of these features,
one exception is observed: the divergence between recall and precision across all summaries
increases over time. Figure 3.2 reports ROUGE-2 precision and recall, broken out by the
Chief Justice presiding when each opinion was issued. Summaries of earlier opinions, e.g.,
under the Warren Court, have greater parity between recall and precision compared to
summaries from later opinions. One possible explanation for this trend is that opinions and
syllabuses have become longer over time, while the summaries evaluated show a growing

disparity between their lengths and opinion/syllabus lengths over time.
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Figure 3.2: ROUGE-2 evaluation of model-generated and human summaries, by Chief Jus-
tice of SCOTUS when the opinion was written. Markers are means and whiskers are 95%
confidence intervals. The gap between precision and recall widens for opinions issued under
more recent Chiefs.

3.5.8  Human Evaluation Disagrees with Automatic Evaluation

The results of the human evaluation, presented in Figure 3.3, are distinctly different than
those of the automatic evaluation. Whereas under automatic evaluation, Mistral FT outper-
forms other models as well as the control human-written summaries, humans most commonly
prefer GPT-4 summaries. GPT-4 particularly excels on clarity, a crucial yet difficult to mea-
sure desideratum for the summarization task. Nonetheless, Mistral FT remains an above-
average performer, successfully matching the original opinion syllabuses on every dimension
except, importantly, number of errors. Evaluators report that roughly 20% of Mistral FT

summaries have at least 1 factual error, with a total of 10 errors identified across all eval-

57



Sensitivity Specificity Clarity Style Error
Syllabus 1 1 1 1

GPT-4
Mistral FT

Oyez

Westlaw q i : ; | 1 i : ; | 1 i : ; | 1 i : . ; . ; ;
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 0 5 10

Figure 3.3: Human evaluation of model-generated and human summaries. x-axis is a rank,
where 1 is best and 5 is worst. For Error, x-axis shows counts of the total number of errors
identified by participants for each summary method.

uations. However, these factual errors, or hallucinations, are not necessarily a product of
using LLMs, as GPT-4 has performance on par with syllabuses and Oyez in terms of factual
correctness.

Surprisingly, the human evaluation also revealed that all three human-written summaries,
including the official syllabuses, often performed worse than GPT-4. Westlaw summaries,
despite being a paid service designed for legal professionals, ranked below average on sen-
sitivity, clarity, and style. Even more intriguingly, the official syllabuses only matched or
under-performed the LLM-generated summaries on all metrics except, crucially, factual cor-
rectness (error). This result both challenges the assumption that human-written summaries
are inherently superior, while also revealing opportunities and challenges in using LLMs for
generating concise, correct, and accessible summaries.

LLM-based evaluation does not correlate better with human evaluations than
traditional automatic metrics. The human correlation results illustrate differences in
how well various evaluation strategies align with human preferences.

First, ROUGE and BERTScore metrics are more capable of capturing other aspects of
summary quality, particularly sensitivity and style. ROUGE-L achieves the highest cor-
relation with human judgments of style (0.47), and ROUGE-1/2/L outperform G-Eval on
judgments of sensitivity (Table 3.5). Despite its limitations, ROUGE offers useful signals for

evaluating how well summaries balance inclusion and exclusion of content and how effectively
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they convey proper legal style. It is worth noting that ROUGE shows the strongest negative

correlation with specificity.

Metric Sensitivity Specificity Clarity Style
ROUGE-1 0.54 -0.28 -0.02  0.40
ROUGE-2 0.55 -0.32 0.02  0.39
ROUGE-L 0.57 -0.26 0.04 047
BERTScore 0.45 -0.11 0.01 043

Table 3.5: Spearman correlations between ROUGE and BERTScore and human rankings
on the four quality dimensions. Interval scores are converted to rankings before correlation;
human rankings for the same set of summaries are averaged.

Second, G-Eval shows significantly stronger correlations with human rankings of clarity
compared to BERTScore and ROUGE (Table 3.6). This suggests that G-Eval better captures

attributes like readability and logical flow, which are valued by human evaluators.

G-Eval (default) Sensitivity Specificity Clarity Style

Consistency 0.26 0.06 0.25 0.11
Relevance 0.45 0.09 0.26  0.30
Coherence 0.42 0.05 0.28 0.33
Fluency 0.43 -0.15 0.08 0.30

Table 3.6: Spearman correlations between default G-Eval criteria (Consistency, Relevance,
Coherence, Fluency) and human rankings.

Third, G-Eval, while generally more consistent, performs similarly in its default and
adapted versions, with only modest differences across dimensions (Table 3.7). For instance,
the adapted G-Eval slightly improves correlations with human judgments of style and speci-
ficity but shows no significant advantage for clarity or sensitivity. This suggests that while
adapting prompts can impact G-Eval’s results, it does not drastically alter its overall effec-
tiveness.

These findings highlight the need for evaluation metrics, whether LLM-based or not, that
are more closely aligned with human preferences and capable of capturing granular dimen-

sions, such as clarity, specificity, and style, that matter in human judgment of summaries.
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G-Eval (adapted) Sensitivity Specificity ~Clarity —Style

Sensitivity 0.43 -0.01 0.19 0.23
Specificity 0.51 0.06 0.24 0.38
Clarity 0.38 -0.02 0.23 0.21
Style 0.42 -0.07 0.08 0.34

Table 3.7: Spearman correlations between G-Eval prompts adapted to mirror the four
human-evaluation criteria and human rankings.

Absolute G-Eval scores by summary source. Table 3.8 reports the absolute G-Eval
scores under both the default G-Eval prompts (consistency, relevance, coherence, fluency)
and the adapted version that mirrors the four human-evaluation dimensions. Both versions
of G-Eval rank GPT-4 first on every quality dimension. While this aligns with the human
ranking on clarity and specificity, it diverges from the human ranking on the central ques-
tion of factual correctness: Mistral F'T receives middling but not catastrophic G-Eval scores
despite producing the largest number of substantive factual errors in the human evaluation.
The adapted prompts shift G-Eval scores only modestly, suggesting that careful prompt engi-
neering does not by itself close the gap between automated judgment and expert assessment

in this domain.

Default Adapted
Method Cons. Rel. Coh. Flu. Sens. Spec. Clar. Style
Syllabus 4.1 36 40 3.0 33 3.6 3.8 3.0
GPT-4 Turbo 44 4.2 45 3.0 3.9 3.8 4.3 3.0
Mistral FT 3.1 31 35 28 28 3.0 3.8 2.6
Oyez 3.7 33 38 3.0 31 3.2 4.0 2.8
Westlaw 3.8 3.2 3.6 3.0 3.0 3.0 3.8 2.7

Table 3.8: G-Eval absolute scores under default criteria (Consistency, Relevance, Coherence,
Fluency) and adapted criteria (Sensitivity, Specificity, Clarity, Style). Sample includes the
33 Supreme Court cases used for human evaluation. Best scores are bold, second-best are
underlined.
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3.5.4  Error Analysis

Each summary flagged as containing factual errors by the human evaluators is compared
back to the original opinion to identify the specific source of error. Recent work refers to
errors of this type as “hallucinations” [Huang et al., 2023]. The remainder of this section
develops a taxonomy of error types observed across the two model families, examines how
the distribution of errors differs between Mistral FT and GPT-4 Turbo, and connects these
errors to a measure of summary style.

A taxonomy of hallucination types. The errors flagged in the human evaluation fall

into five recurring categories. Table 3.9 presents one or two representative examples of each.

1. Surface factual errors. Misstatements of basic entity attributes such as the race, identity,
or status of a party. Example 1 in Table 3.9 fabricates the petitioner’s race in a Mistral
FT summary, contradicting the opinion’s own characterization of the petitioner as not

belonging to a “favored group”.

2. Citation errors. Misspellings, fabricated case names, and incorrect U.S. Reports cites.
Example 2 invents the case name “Sherbert v. Velelline” along with a fictitious volume
and page reference. Errors of this type are particularly consequential in legal text because

downstream readers may follow citations as if they were authoritative.

3. Temporal and event-ordering errors. Misplacements of when in a sequence of events
something occurred. Example 3 reports that a party was held incommunicado after

signing a statement, whereas the opinion places that detention before the signing.

4. Procedural-history errors. Mischaracterizations of how lower courts ruled or what relief
was granted. Example 4 reports that a District Court entered judgment for the petitioner
when in fact the petition was denied and the stay vacated. Errors of this type collapse the

legal posture of the case and can flip the apparent meaning of a Supreme Court ruling.
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5. Legal-analysis errors. Misrepresentations of the Court’s reasoning while preserving the
surface form of the holding. Example 5 reports that the Court “rejected” a state interest,
when the Court in fact assumed the interest arguendo and decided the case on a different
ground. Example 6 understates the scope of the regulatory body at issue. Errors of this
type are subtler than the others; the holding is often correct but the rationale is materially

distorted.

Mistral hallucinates more conspicuously than GPT-4. Fine-tuned Mistral produces
the most errors and the most egregious ones, predominantly in the first four categories:
surface factual errors, citation errors, temporal errors, and procedural-history errors. These
are detectable by careful comparison to the source opinion and would be visible to a non-
specialist reader. GPT-4 Turbo errs less frequently and in a different way: its errors cluster in
the legal-analysis category, where the holding may be reported correctly but the underlying
reasoning is misstated. In one such case, the opinion reverses the judgment below but does
not reject its reasoning; the reversal is grounded in a superseding constitutional issue. The
GPT-4 summary characterizes the case as a rejection of the lower court’s reasoning, which is
an analytically significant misstatement that nonetheless requires legal expertise to detect.
This split between conspicuous and subtle errors has consequences for evaluation. Sur-
face and citation errors are in principle detectable by retrieval-based fact-checkers operating
against the source opinion. Procedural-history errors require a structured representation of
the case posture, but are still tractable. Legal-analysis errors require understanding the re-
lationship between holding, reasoning, and dicta and resist automatic detection. The expert
evaluators in this study identified all five types, but only the first four are likely to be caught
by any automated pipeline available today.
Why automatic metrics miss these errors. ROUGE and BERTScore measure n-gram
or embedding overlap with the reference syllabus. None of the error types above necessarily

reduces overlap. A fabricated citation is a string substitution; a procedural-history inversion
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is often a single-word flip from “granted” to “denied”; a legal-analysis error preserves most
of the relevant terminology. G-Eval inherits the same blind spot through a different route:
prompting a model to score consistency requires the model to detect precisely the failures
it is itself prone to. The G-Eval rankings in Table 3.8 are consistent with this account:
Mistral FT receives lower G-Eval scores than GPT-4, but not low enough to reflect the
order-of-magnitude difference in factual error counts visible to expert annotators.

Lexical variation. Lexical variation is defined as the percentage of unique words in the
summary not present in the opinion and is considered a measure of summary style. Figure 3.4
reports lexical variation for each summary source. Mirroring the comparison of compression
rates, syllabuses exhibit the lowest percentage of lexical variation from the original opinion.
Surprisingly, the fine-tuned Mistral summaries have the highest average percentage of lexical
variation at 41.7%, even surpassing those written by Oyez (37.9%). This is unexpected
because Mistral F'T is trained on legal syllabuses, while Oyez summaries are written for a
general audience and might borrow less from the opinion. The high lexical variation rate of
Mistral FT is plausibly related to its higher rate of factual errors: a model that paraphrases
more aggressively departs further from the literal claims grounded in the opinion and has

more opportunities to substitute incorrect tokens for correct ones.

3.6 Discussion

The results in this chapter point to several lessons that extend beyond Supreme Court
summarization.

Reference-based metrics overfit to the form of the reference, not its function.
Mistral FT outperforms GPT-4 on every reference-based metric in Table 3.2 and produces
summaries whose length and compression rate most closely track the official syllabuses. Yet
expert annotators rank GPT-4 higher on clarity, sensitivity, and specificity, and identify

Mistral F'T as the largest source of factual errors. The model that best mimics the syllabus
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Figure 3.4: Lexical variation by summary source. Lexical variation measures the fraction
of unique words in the summary that do not appear in the opinion. Higher values indicate

more abstractive paraphrasing. Mistral F'T exhibits the highest lexical variation, exceeding
even non-legal Oyez summaries.

on the surface is not the model that best serves the communicative purpose of a syllabus.
This is not a failure of fine-tuning per se but a failure of the evaluation: when a metric rewards
stylistic and lexical proximity to a single reference, a model that learns the reference’s surface
distribution receives credit even when it fabricates the underlying content. The implication
is not that reference-based metrics should be discarded, but that they should not be treated
as standing in for quality in domains where the function of the summary is distinct from its
form.

LLM judges inherit the failures they are asked to detect. G-Eval ranks GPT-4
above Mistral FT on every dimension, which qualitatively agrees with human experts. But
its scores do not separate the two models by anywhere near the margin that the human
factual-error counts imply. The deeper issue is not that G-Eval mis-ranks the models but
that the kinds of errors most damaging to a legal summary, particularly procedural-history
inversions and legal-analysis errors, are exactly the kinds of errors that a frontier LLM may

also make when reading the same opinion. Asking the judge to detect the failures of a peer

64



model places a structural ceiling on how reliable the judge can be. Reference-free LLM
evaluation is most promising precisely where the model’s reading comprehension exceeds the
candidate generator’s, which is not guaranteed in expert domains.

Hallucinations split into a tractable class and a hard class. The taxonomy in §3.5.4
suggests that error categories differ sharply in how amenable they are to automated detection.
Surface factual errors and citation errors can in principle be caught by retrieval against the
source opinion. Procedural-history errors are tractable given a structured representation
of the case posture. Legal-analysis errors, where the holding is reported correctly but the
reasoning is distorted, do not reduce to retrieval and are unlikely to be caught by any current
automated method. Progress on long-context legal summarization will require evaluation
methods designed against this hard class specifically, rather than aggregate metrics that
conflate it with the easier categories.

Human-written references are not automatically better. The official syllabuses are
written by an attorney employed by the Court and approved by the Justices, and have
stronger correlation with opinion length and lower lexical variation than any model-generated
summary. They were nonetheless ranked at or below GPT-4 by expert evaluators on clarity,
sensitivity, specificity, and style. Westlaw summaries, despite being a paid commercial prod-
uct for legal professionals, ranked below average on most dimensions. The only dimension
on which human-written summaries clearly outperformed model-generated ones was factual
correctness. This pattern challenges the default assumption that the human-written sum-
mary is the gold standard against which models should be measured, and suggests a more

nuanced framing in which different sources are gold for different aspects of quality.

3.7 Conclusion

This chapter introduces CASESUMM, a novel dataset for long-context summarization in the

legal domain, comprising 25.6K U.S. Supreme Court opinions and their official syllabuses.
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The comprehensive evaluation of LLM-generated summaries, using both automatic met-
rics and expert human evaluation, reveals discrepancies between these assessment methods.
While fine-tuned Mistral 7b outperforms larger models on automatic metrics, human experts
rank GPT-4 summaries higher in clarity and accuracy. The human evaluation also showed
that GPT-4 summaries often outperformed human-written summaries, including official syl-
labuses and professional services, in several metrics except factual correctness. LLM-based
evaluation, such as G-Eval, may be a promising direction for reference-free evaluation but
the results show that G-Eval does not correlate with human judgments better than tradi-
tional automatic metrics. The error analysis distinguishes a tractable class of hallucinations,
including surface factual errors, citation errors, and procedural-history inversions, from a
harder class of legal-analysis errors that resist automated detection because they preserve
surface terminology while distorting underlying reasoning. These findings highlight the lim-
itations of current automatic evaluation methods for legal summarization and underscore
the importance of human evaluation in assessing summary quality, particularly in complex,
high-stakes domains like law. This work contributes to the ongoing dialogue about evaluation

methodologies in NLP and opens avenues for research in legal text summarization.

3.8 Limitations

First, the sample size of our human evaluation limits the conclusions we can draw. Second,
while we are able to offer insight into the value of fine-tuning, at least with respect to the
open-source Mistral model, we are unable to estimate the value of prompt-engineering even
the GPT-4 model because we do not have a natural benchmark, non-optimized prompt for
that model. A related weakness is that our evaluation of fine-tuning Mistral does not tell us
the value of fine-tuning other models, such as GPT-4. It is possible that the benefit to fine-
tuning the latter may be lower than the former because GPT-4 is trained on more data and

has far more estimated parameters. Third, we experiment with one LLM-based evaluation
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framework. While G-Eval is commonly cited and used, other LLM-based approaches could
yield different results. Finally, while we demonstrate through a manual evaluation that
our PDF extraction procedure is largely accurate (96%), it is not perfect. A fraction of
syllabuses, particularly those extracted from low-quality scans from SCOTUS opinions in

the early 1800s, may not be fully correct.
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Hallucination in Summary

Explanation

Fine-tuned Mistral

1. “Petitioner, a Negro, applied
for admission to the University of
Washington Law School, a state-
operated institution.”

The opinion indicates the petitioner is not a member of a “favored
group” nor a “minority applicant”. This strongly implies the pe-
titioner is white and rules out the petitioner to be “a negro”. 416
U.S. 312, 332, 325 (1974).

2. “Sherbert v. Velelline, 416 U. S.
456”

The opinion cites “Sherbert v. Verner, 374 U.S. 398" 494 U.S.
872, 875 (1990).

3. “He was held incommunicado for
some five or seven days after sign-
ing the statement.”

Petitioner Haynes testified he was held incommunicado until
some five or seven days after his arrest. 373 U.S. 503, 504 (1963).

4. “The District Court ulti-
mately entered judgment for pe-
titioner, holding that the Texas
death penalty scheme was uncon-
stitutional.”

While the District Court initially stayed the execution pending
judgement, it ultimately “filed its findings and conclusions, re-
jecting each of the several grounds asserted by petitioner. The
writ was accordingly denied; also, the stay of petitioner’s death
sentence was vacated.” 463 U.S. 880, 885 (1983).

GPT-4 Turbo
5. “The Court rejected the State’s The Supreme Court did not reject the State’s interest. They
interest in |...| preserving the flag “assume|d]|, arguendo, that it is [valid]” but found “[t|he statute

as an unalloyed symbol of the na-
tion”

is nonetheless unconstitutional as applied to appellant’s activity”.
418 U.S. 405, 414 (1974).

6. “The PCAOB is a regulatory
body that oversees the audits of
public companies”

The PCAOB was created to govern the entire industry of ac-
counting, including “hiring and professional development, promo-
tion, supervision of audit work, the acceptance of new business
and the continuation of old, internal inspection procedures, pro-
fessional ethics rules, and ‘such other requirements as the Board
may prescribe.” 561 U.S. 477, 485 (2010).

Table 3.9: Comparison of model hallucinations and their explanations.
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CHAPTER 4
CIVICCHATS: DESIGNING AI SYSTEMS TO SUPPORT
INFORMED AND JUSTIFIED VOTER DECISIONS

4.1 Introduction

Democratic legitimacy rests on citizens who can weigh competing considerations and arrive at
positions they can defend. Deliberation, the process of forming and revising views through
reasoning and exchange, is central to this ideal, and a large literature in political science
argues that well-structured deliberation improves the quality of collective decisions [Dryzek
et al., 2019]. The demand on individual deliberation is highest in direct democracy. Ballot
measures are proposed laws, policies, or constitutional amendments placed before voters to
decide directly rather than through elected representatives, and in the United States they
determine consequential policy questions on housing, criminal justice, drug policy, labor
rights, and state constitutions.

Voters receive little support for this task, and the technologies that mediate political
information often work against deliberation. Social media rewards reactive content and su-
perficial engagement, and exposure to opposing views on these platforms can increase rather
than reduce polarization [Bail et al., 2018]. Even structured deliberation can polarize when
participants enter with strong prior commitments [Wojcieszak, 2011]. Campaign messaging
is designed to persuade rather than clarify, and endorsements offer convenient shortcuts that
often replace, rather than facilitate, the weighing of competing considerations.

Conversational Al offers a different starting point. A chatbot allows people to ask ques-
tions on their own terms, including basic questions they might hesitate to ask another per-
son, and to relate a policy to their own life, experiences, and preferences. These affordances
address the two obstacles that make ballot measures inaccessible, technical language and

unclear personal stakes. Mainstream chatbots do not provide them by default, however.
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Large language models exhibit sycophancy, a tendency to match user beliefs and validate
user framings rather than clarify or challenge them [Perez et al., 2022, Sharma et al., 2023a).
Without the kind of pushback one might encounter in a discussion among disagreeing friends,
a default chatbot is ill-suited for helping people think through political issues in a balanced
way.

Prior work suggests that conversational Al can nonetheless be designed for deliberative
ends. Dialogues with a language model durably reduce conspiracy theory beliefs through
evidence-based counterargument [Costello et al., 2024a, 2025|. Participants who used a
Voting Advice Application chatbot regarded the interface as intuitive and informative, citing
simple language and flexible interaction [Zhu et al., 2025]. Exposing users to two Al advisors
presenting opposing evidence-based arguments improves judgment accuracy and confidence
calibration relative to a single advisor [Rahman et al., 2025]. Outside of A, participation in
deliberative events is associated with an increased likelihood of vote switching [Bernhagen
and Schmitt, 2014|. This chapter extends this line of research from belief correction and
general political information to a concrete and consequential decision task, voting on a
ballot measure.

Ballot measures are a demanding test case. Their texts frequently employ jargon-laden,
nested clauses that obscure the consequences of one outcome over another, and voters often
first encounter them in the booth. Measures with difficult texts are more likely to receive
abstentions than their simpler counterparts [Shulman et al., 2022|, and most voters report
little prior familiarity with the measures they face. The population most affected by low
political knowledge includes young, low-income, minority women [Sloan, 2024|, and political
knowledge increases the likelihood of political participation and voting [Reichert, 2016], so
the voters with the most to gain from direct democracy may be the least equipped to use it.

This chapter presents CivicChats, a platform that informs voters and promotes inter-

action with ballot measures through chatbots tailored to specific discourse modes. The
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platform implements three discourse modes. The Q&A mode answers questions neutrally
and factually, providing information on demand. The Argumentative mode pushes back on
the user’s stated stance with counterarguments drawn from both supporting and opposing
positions. The Reflective mode asks probing questions that encourage examination of the
user’s own reasoning. The three modes correspond to three components of deliberation that
the literature treats as distinct: access to information, confrontation with opposing views,
and reflection on one’s own reasons. The discourse modes are also hosted as a public re-
source at CivicChats.org, alongside additional interfaces for exploring live ballot measures;
visitors are informed that conversations are collected for research and can request removal
of their data.

A pre-registered controlled experiment evaluates the platform. The experiment assigned
600 participants to one of five between-subjects conditions arranged as progressive disclo-
sures: official ballot text only, the official text plus structured civic information from Ballot-
pedia, and the three chatbot discourse modes. Participants evaluated live 2026 ballot mea-
sures, a Colorado measure on penalties for fentanyl sale and a Florida measure on changes
to budget stabilization.

The experiment yielded two main findings. First, interaction with the chatbots changed
vote outcomes substantially, in both cases shifting the vote distribution away from the default
produced by reading the official text alone; on the Colorado measure the yes-rate under
the Reflective mode fell by 45 percentage points, and on the Florida measure the chat
conditions cut abstention by roughly 29 percentage points. Second, the chatbots improved
participants’ ability to explain their vote, raising the number of distinct arguments and
their engagement with counterarguments, while also raising self-reported understanding and
decision confidence. The remainder of the chapter describes the methods, covering the
CivicChats platform, the experimental design, and the measurement and analysis (§4.3);

the findings, covering effects on vote choice, on the reasoning behind it, and on subjective
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understanding and confidence, together with the mechanisms behind them (§4.4); and a

conclusion covering implications and limitations (§4.5).

4.2 Related Work

Deliberative democracy and citizen competence. Deliberative democratic theory
holds that legitimate collective decisions arise when citizens form and revise their views
through reasoning and the exchange of justifications, rather than through the aggregation
of fixed preferences [Dryzek et al., 2019]. Empirical work on deliberative events connects
this process to electoral behavior: Bernhagen and Schmitt [2014] find that participating in a
deliberative event raises the likelihood of vote switching, though the accompanying gains in
political knowledge do not account for the shift. The benefits of deliberation are not uncon-
ditional. When participants enter with strong prior commitments, structured discussion can
entrench rather than moderate their positions [Wojcieszak, 2011]. This work takes up two
questions that follow from this literature: whether an interaction can improve the reasoning
behind a vote, and under what conditions it changes the vote itself.
Technology-mediated political information. The technologies that mediate political
information often work against the conditions deliberation requires. Social media rewards re-
active and superficial engagement, and cross-cutting exposure on these platforms can deepen
rather than reduce polarization; Bail et al. [2018] find that following opposing-party accounts
increased rather than moderated partisan attitudes. Campaign messaging is designed to per-
suade rather than clarify, and endorsements provide shortcuts that substitute for weighing
competing considerations. Conversational Al adds a new mediating layer to this environ-
ment, and its effect on civic reasoning has not been characterized.

Conversational Al for belief change and persuasion. A growing body of work shows
that dialogue with a language model can change beliefs. Costello et al. [2024a] and Costello

et al. [2025] find that evidence-based conversations with a model durably reduce conspiracy-

72



theory beliefs. Multi-advisor designs extend this beyond a single exchange: Rahman et al.
[2025] show that exposing users to two Al advisors arguing opposing, evidence-based po-
sitions improves judgment accuracy and confidence calibration relative to a single advisor.
This research establishes that conversational Al can be configured for correction and bal-
anced argument rather than agreement, but it has largely targeted factual misperceptions
rather than a concrete electoral decision.

Voting Advice Applications and voter information tools. Voting Advice Applications
match voters to parties or candidate positions from their stated preferences, and recent work
pairs them with conversational interfaces. Zhu et al. [2025] find that participants regarded a
VAA chatbot as intuitive and informative, citing its plain language and flexible interaction,
and describe its role in prompting reflection. These systems focus on candidate and party
matching; the ballot-measure setting studied here instead requires a voter to reason about
the content and consequences of a specific proposed law.

LLM sycophancy and designed pushback. Whether a conversational system challenges
or merely affirms its user depends on a known failure mode. Large language models ex-
hibit sycophancy, a tendency to match user beliefs and validate user framings rather than
challenge them [Perez et al., 2022, Sharma et al., 2023al]. A model that mirrors a voter’s
initial leaning offers none of the pushback a disagreeing interlocutor would, which makes a
default chatbot poorly suited to balanced political reasoning. The discourse modes in this
chapter are designed against this default. The Argumentative and Reflective modes specify
a conversational posture that confronts or probes the user’s stance rather than affirming it.
Ballot-measure accessibility and political knowledge. Ballot measures are a demand-
ing setting for any of these tools. Their texts are frequently dense and jargon-laden, and
the way a measure is worded affects how voters respond to it: Shulman et al. [2022]| show
that the processing fluency of ballot wording predicts vote choice and election outcomes

in low-information direct-democracy elections. The capacity to engage with such texts is
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unevenly distributed. Political knowledge varies widely across the electorate and is lower
among younger, lower-income, and minority voters [Sloan, 2024, and political efficacy is as-
sociated with both knowledge and participation [Reichert, 2016, Prats and Meunier, 2021].
Confidence in one’s political knowledge, distinct from its accuracy, predicts political discus-
sion [Lee and Matsuo, 2018|, which bears on the subjective-confidence outcomes examined
in this chapter.

Across these strands, conversational Al has been studied for correcting misperceptions
and for delivering general political information, but not for a concrete and consequential
decision task such as voting on a ballot measure, and prior systems do not separate the
components of deliberation that theory treats as distinct. This chapter addresses both gaps.
CivicChats moves from belief correction and information access to a real ballot-measure
decision, and it isolates three deliberative components, access to information, confrontation
with opposing views, and reflection on one’s own reasoning, as separate discourse modes that
share an interface and differ only in conversational posture. This design distinguishes the

contribution of conversational posture from that of information access alone.

4.3 Methods

We evaluate CivicChats in a pre-registered, between-subjects experiment on live 2026 ballot
measures. This section describes the platform and its discourse modes (§4.3.1), the exper-
imental design and procedure (§4.3.2), and the outcome measures and statistical analysis
(§4.3.3). This work received IRB approval (IRB25-038) from the University of Chicago, and

informed consent is obtained from all participants.

4.3.1  CivicChats

Platform. CivicChats informs voters and promotes interaction with ballot measures

through chatbots tailored to specific discourse modes. The chat interface pairs each
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conversation with structured civic information drawn from the measure’s Ballotpedia entry.
The platform is also hosted as a public resource at CivicChats.org, alongside additional
interfaces for exploring statewide and local ballot measures; visitors are informed that
conversations are collected for research and can request removal of their data.

Retrieval and web search. The chatbot grounds its answers in two complementary sources
of evidence. The first is a per-measure document corpus comprising the full official text of the
measure and its Ballotpedia entry, which together supply the legal language, a plain-language
overview, and other relevant context curated by Ballotpedia. The measure’s metadata,
introduction, and official ballot text are placed directly in the system prompt; the longer
sections and full legal text are indexed for retrieval-augmented generation (RAG). To build
the index, each measure is split into chunks along its natural document structure—one chunk
per Ballotpedia section and one per block of legal text—and each chunk is embedded with a
sentence-embedding model.l On every user turn the user message is embedded and compared
against that measure’s chunks by cosine similarity, and the highest-scoring section and legal-
language chunks (up to three of each) are supplied to the model as additional context for
that turn. Retrieval is scoped to the assigned measure, so the chatbot draws on curated,
measure-specific evidence rather than the open web by default. The second source is web
search, which covers any questions or interactions that the corpus cannot answer, such as
facts about sponsors and organizations, legal precedent, prior elections, or current events.
A lightweight classifier inspects each user message—without access to the measure text or
conversation history—and routes the turn to search only when it requires outside knowledge;
conversational and opinion messages, and questions answerable from the measure itself, are
handled from the grounded context alone. When search is invoked, the model queries the web
and draws on the search results in its reply. The two sources are complementary: retrieval

keeps answers anchored to the specific measure under discussion, while web search extends

1. We use OpenAT’s text-embedding-3-small model (1536 dimensions).
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the chatbot’s reach to the surrounding political context.

Discourse modes. The platform implements three discourse modes, corresponding to three
components of deliberation that the literature treats as distinct: access to information, con-
frontation with opposing views, and reflection on one’s own beliefs. The AI-QA mode answers
questions neutrally and factually. The AI-Argue mode pushes back on the participant’s
stated stance. The AI-Reflect mode asks probing questions that encourage examination
of the participant’s own reasoning. The three modes share the interface and retrieval capa-
bilities described above and differ only in conversational posture, which is specified through
prompting; the full prompts are reproduced in Appendix C.4.

Discourse-mode validation. The deployed discourse modes were developed and validated
with CivicEval, an evaluation interface developed for this work, separately from the user
study. CivicEval scores full conversations with an LLM-based judge against checklists that
specify the desired behaviors of each discourse mode. It also supports inspection and review
of individual evaluations at the level of each conversation turn, and editing of the discourse-
mode prompts and the checklists within the same interface, so that scoring, review, and
revision proceed as a single iterative process. The criteria cover factual grounding, tone,
conversation flow, and appropriate informativeness. Checklist items are scored at two levels.
Turn-level items judge a single assistant response, such as whether its tone is matter-of-
fact or its factual claims are grounded in the available evidence. Conversation-level items
judge objectives that can only be assessed across the full exchange, such as whether the
Argumentative mode maintains a single consistent opposing position across turns rather
than flip-flopping, or whether the conversation as a whole surfaces assumptions the user
had not initially recognized. The checklists were drafted manually and then refined itera-
tively: reviewing how the judge applied them to actual conversations surfaced unintended
chatbot behaviors that no item penalized, items the judge applied differently than intended,

and missing criteria, and the checklists were revised accordingly. The full checklists are re-

76



produced in Appendix C.6. For AI-QA, the judge evaluates evenhandedness in presenting
relevant considerations without favoring one side. For AT-Argue and AI-Reflect, the judge
evaluates the appropriateness of pushback and probing on user positions, the willingness to
disagree forthrightly when warranted, and the absence of manipulative or leading language.
The deployed discourse modes reflect iterative improvement across rounds of this evalua-
tion. On the prompt-and-checklist artifact set used for deployment, pass rates are 93.7% for
AI-QA (365 scored items), 82.0% for AI-Argue (562 items), and 94.5% for AI-Reflect (511
items); the lower AI-Argue rate reflects the strictness of the Argumentative checklist, which
requires combative tone, a defended opposing-stance commitment, and concision (Table 4.1).
Response latency, response length, and Flesch-Kincaid grade level are tracked alongside user
inputs to encourage conciseness and accessibility; AI-Reflect produces the longest responses
(mean 122 words versus 72 in AI-QA), AI-QA produces the highest-grade-level prose (mean
grade level 15.8), and all three discourse modes respond in under four seconds on average

(Table 4.2).

Table 4.1: LLM-as-judge discourse-mode rubric: pass rates on ‘regular’ and ‘subquestion’
rubric items, deployed-prod prompt v22 + checklist v18 (eval run mo3-pilot, 2026-03-06).
Top section: pooled pass rate and number of scored items. Bottom section: pass rate on the
eight highest-frequency rubric items per discourse mode.

Discourse mode Pooled pass rate N scored items

AI-QA 93.7% 365
AI-Argue 82.0% 562
AT-Reflect 94.5% 511

Pass rate = fraction of Yes answers among non-N/A judgments. The judge is GPT-class scorer at the eval
run’s recorded scorer_model setting; see civicchat-auto-eval/SCHEMA .md.

Factuality audit. The factual accuracy of the deployed chatbots is audited on all 751
assistant turns sampled from the Colorado-measure study chats, stratified by condition. An
LLM judge checks each response against the evidence available to the chatbot (the ballot

measure context in its system prompt, the passages retrieved for that turn, and any cited
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Table 4.2: Deployed-bot response characteristics per discourse mode (eval run mo3-pilot,
2026-03-06; prompt v22 + ballot data v6; same prompt artefacts that powered the CO/FL
studies). Length is per assistant turn; FKGL is the Flesch-Kincaid Grade Level (textstat).

Discourse mode N turns Mean chars Mean words Mean FKGL Mean resp. time (s)

AI-QA 27 447 72 15.8 3.18
AI-Argue 33 489 83 13.8 3.71
AI-Reflect 34 710 122 14.6 3.92

web pages) alongside the official ballot text, and labels the response factual unless it asserts
a central claim that the evidence does not support. By this criterion, 86% of responses are
perfectly factual and grounded (90% for AI-Argue, 79% for AI-QA, and 86% for AI-Reflect).
To validate the LLM judge, the responses it flagged as not factual were reviewed by hand.
Most of these flags did not reflect genuine errors: of the flagged responses reviewed, only 2
of 11 corresponded to a real factual inaccuracy, with the rest adequately grounded in the
available evidence. The 86% figure is therefore a conservative lower bound on the true factual

rate.

4.3.2  Ezxperimental Design

Ballot measures. Participants evaluated one of two live measures from the November 2026
election, assigned by state of residence. The Colorado measure (Initiative 85) is an initiated
state statute that would establish higher felony classifications and mandatory penalties for
the manufacture, sale, and possession of fentanyl and certain synthetic opioids, making the
sale of any amount of fentanyl a Class 1 felony punishable by up to 32 years in prison
and requiring court-ordered treatment for certain low-level possession offenses. The Florida
measure is a legislatively referred constitutional amendment that would raise the cap on the
state’s budget stabilization fund from 10% to 25% of net general revenue, require an annual
transfer of $750 million or 25% of general revenue collections, whichever is less, and define the

conditions under which the legislature may withdraw funds. Both measures have Ballotpedia
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entries, which the Ballotpedia condition and the chatbot retrieval database require. They
also contrast in topic and style. The Colorado measure addresses a salient and emotionally
charged drug-policy question, while the Florida measure addresses a technical and procedural
budget rule; this contrast supports the cross-measure comparisons in §4.4.

Conditions. Participants are randomly assigned to one of five between-subjects conditions,
designed as a sequence of progressive disclosures in which each condition adds content or

capability to its predecessor.

1. 0Official_Text: participants see only the official ballot measure text (reproduced in

Appendix C.1). This serves as the control.

2. Ballotpedia: participants additionally view sections of the Ballotpedia entry for the

measure, providing structured civic information.

3. AI-QA: participants view the Ballotpedia sections alongside the CivicChats chat inter-

face (§4.3.1) running in the AI-QA discourse mode.

4. AI-Argue: the same interface and retrieval capabilities, running in the AI-Argue dis-

course mode.

5. AI-Reflect: the same interface and retrieval capabilities, running in the AT-Reflect

discourse mode.

Recruitment. Participants were recruited via Prolific and prescreened as verified residents
of the state whose measure they evaluated, with 200 valid responses for the Colorado measure
and 400 for the Florida measure (600 total). Compensation was $4 for an estimated 15-
minute session. Participants were excluded if they failed the attention check, completed the
survey below a minimum time threshold, or did not complete the full survey.

Survey flow. Each participant proceeds through the following steps.
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1. Registration. The landing page explains the study, presents the consent form, and
outlines compensation. Participants who consent provide a Prolific identifier and are

assigned to a condition.

2. Instructions and attention check. Participants receive an overview of ballot mea-
sures and the study structure, then complete a multiple-choice attention check that

they must answer correctly to proceed.

3. Pre-treatment questions. Participants rate their familiarity with the measure and
their likelihood of voting on it in the upcoming election, each on a five-point Likert

scale.

4. Treatment. Participants in the 0fficial_Text and Ballotpedia conditions view
the measure content. Participants in the chatbot conditions view the measure content

alongside the chat interface and must send at least five messages to proceed.

5. Vote and confidence. Participants record a vote choice (Yes, No, or Undecided),
a vote intent likelihood, decision confidence, and understanding confidence, each on a

five-point scale.

6. Decision explanation. Participants provide a free-form explanation of their vote
choice and address opposing viewpoints, with a minimum of 30 words and 2 minutes

of active time on the page.

7. Demographics and feedback. Participants report education, political affiliation,

voting frequency, trust in Al, and media habits.

4.3.83  QOutcome Measures and Analysis

Outcome measures. The design measures vote choice (Yes, No, or Abstain), subjective

confidence on two five-point Likert scales (decision confidence and understanding confidence),
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demonstrated understanding via the free-text vote rationale (§4.3.3), and engagement via
total time on task, time on each section, and, for chatbot conditions, the number and type of
chatbot interactions. Mixing multiple-choice and free-form responses balances standardiza-
tion with subjective quality, an approach supported by prior work in survey design [Conrad
et al., 2025].

Annotation of rationales. Free-text vote rationales and chat transcripts are annotated by
an LLM along two dimensions; the full annotation prompts are reproduced in Appendix C.5.
First, an argument is a distinct pro or con consideration about the measure, and the de-
composed pro and con counts are retained as separate outcomes; in the chat transcripts
each argument is also attributed to the participant or to the chatbot. Second, counterargu-
ment engagement, the extent to which a rationale addresses opposing views, is scored on a
Wachsmuth-style 0/1/2 rubric.

Conversation—rationale predictability. The conversation-rationale predictability analy-
sis quantifies how predictable a participant’s written vote rationale is from their chat conver-
sation, and attributes that predictability to what the participant said versus what the chatbot
supplied. For each participant in the three chatbot conditions whose transcript is available
(n = 299 across the two measures), an open-weight language model (Qwen2.5-7B-Instruct)
scores the rationale by the mean per-token log-probability it assigns to the rationale’s tokens
under four conditioning contexts, each of which includes the ballot measure information: the
full chat transcript, the participant’s messages only (chatbot turns masked), the chatbot’s
messages only (participant turns masked), and the ballot information alone. Averaging per
token normalizes for rationale length. Contrasts between contexts define the quantities of
interest: conversation predictability (full transcript versus ballot-only) measures how pre-
dictable the rationale is from the conversation as a whole, and it decomposes additively into
the participant contribution (participant messages versus ballot-only), the extent to which

the rationale follows from the participant’s own utterances, and the chatbot contribution
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(full transcript versus participant messages), the additional predictability supplied by the
chatbot’s messages. Because condition is randomized, between-condition differences in these
quantities are attributable to the discourse-mode assignment. They are compared across the
three chatbot conditions with Kruskal-Wallis and pairwise Mann-Whitney tests. Findings
are checked by rescoring with additional models (Qwen3.5 at 2B, 4B, and 9B parameters)
and corroborated with a complementary lexical measure of content-word overlap between
the rationale and the transcript.
Statistical analysis. Continuous outcomes are analyzed with ordinary least squares re-
gression of the outcome on condition and the two pre-registered covariates, pre-treatment
familiarity with the measure and self-rated voting likelihood. Pooled estimates across the two
ballot measures include a fixed effect for measure, and per-measure estimates are reported
alongside them. The reference category is Official_Text for the between-condition tests
and AI-QA for the within-chat tests. Vote choice is analyzed with both multinomial logit
(reference Official_Text) and two-proportion z-tests on each vote category. Effect sizes
are reported as Cohen’s d with pooled standard deviations for pairwise contrasts. Multiple-
comparison adjustment is not applied to the pre-registered pairwise contrasts; raw p-values
are reported. Each focal contrast is also re-fit under three alternative specifications (no co-
variates, with demographic covariates, and with stricter sample exclusion); these robustness
checks are summarized in §C.8.1.

Two outcome measures are operationalized through the LLM annotation in §4.3.3. Argu-
ment counts and counterargument engagement map onto pre-registered constructs and are
treated as confirmatory; the conversation—rationale predictability analysis is an additional

measure introduced beyond the pre-registration.
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4.4 Findings

The experiment analyzed 600 participants: 200 on the Colorado measure and 400 on the
Florida measure, evenly split across the five conditions. Per-stage recruitment and exclusion
counts are reported in Table C.1; exclusions were few and comparable across conditions.
The one exception is drop-out on the Florida measure, which was somewhat concentrated
in AI-Reflect relative to Official_Text (fourteen versus four), an absolute difference of
about three percentage points, though the test of differential attrition was not pre-registered.

Demographic and political characteristics did not differ across the five conditions on either
measure (Table C.2). Participants reported little prior knowledge of the specific measure,
and reported voting somewhat more regularly in the Colorado sample than in the Florida

sample.

4.4.1  Vote Choice

We hypothesized that talking to the chatbots, or reading the Ballotpedia summary, would
change how participants voted relative to reading the official text alone. It did, on both
measures (Figure 4.1, Table 4.3).

The two measures had very different defaults, and the treatments moved participants
away from each. On the Colorado measure, reading the official text alone produced a 70%
yes majority. Every treatment lowered the yes-rate, and AI-Reflect produced the largest
shift, reversing it to a 72% no majority, a 45-percentage-point drop in yes. Most of the lost
yes share moved to no rather than to abstention (p < .001).

On the Florida measure, the official text left 40% of participants abstaining. There the
chat conditions reduced abstention by roughly 29 percentage points and divided those par-
ticipants between yes and no, rather than moving the vote toward either side. Ballotpedia,
which only summarizes rather than converses, did not change the Florida distribution; the

shift was specific to the chat interaction.
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Figure 4.1: Vote distributions (Yes / No / Abstain) by condition for the Colorado fentanyl-
penalties measure (left) and the Florida budget-stabilization measure (right). The baseline
yes-rate differs sharply between measures: 70% in CO 0fficial_Text versus 35% in FL
Official_Text.

Table 4.3: Vote-choice distributions by condition, per study. Cells are within-condition
percentages. Stars on yes/no/abstain cells mark a significant two-proportion z test against
Official_Text in that vote category. The omnibus test in the ‘Overall’ row is a Pearson
x2 of independence across the full 3 x 5 vote x condition table for each study.

Condition Vote share (%) z-test vs. Official_Text (p)
Yes No Abstain Yes No Abstain

Colorado 2026 (CO)
Official_Text 70% 10% 20% — — —

Ballotpedia 40%**  48%*** 12% .007 < .001 363
AT-QA 57%  35%** 8% 245 .007 104
AI-Argue 42%*  50%*** 8% 013 < .001 104
AI-Reflect 25% % 1207 2%* < .001 < .001 013
Overall x2(8) = 36.6, p < .001

Florida 2026 (FL)
Official_Text 35% 25% 40% — — —

Ballotpedia 48% 26% 26% .091 .893 057
AT-QA 48% 41%* 1% 108 .029 < .001
AI-Argue 39%  49%**  11%*** .580 .002 < .001
AT-Reflect 49% 40%*  11%*** 078 .043 < .001
Overall x2(8) = 39.1, p < .001

*p < 0.05, **p < 0.01, ***p < 0.001 on the two-proportion z.
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Across both measures, the treatments shifted participants away from whatever stance
the official text presented as the default, a yes vote in Colorado and abstention in Florida.
The direction of these shifts is stable across model specifications, though the magnitude of
the Colorado drop softens under stricter sample exclusion (Table C.4).

Both directional shifts follow from the same mechanism. Under 0fficial_Text, vote
choices reflect low-engagement reasoning, in which participants accept whatever stance the
official framing implies or abstain when the text is too difficult to follow. The treatments
disrupt this pattern. Ballotpedia adds context, and the chat conditions require articulation;
in both cases the baseline distribution moves toward the middle. Voters initially inclined
toward yes who had not examined the measure begin to articulate cons, and abstainers begin
to articulate arguments on both sides.

Within the chat conditions, votes track what users say rather than what the chatbot
says. An additional user-articulated pro raises the odds of a yes vote by a factor of 1.65 in
CO (95% CI [1.10, 2.49]) and 2.00 in FL (95% CI [1.34, 2.99]) with discourse-mode fixed
effects, while an additional user con lowers them to 0.66 and 0.67 respectively; chatbot-side
pro/con counts show much weaker association with vote. The slope of vote on articulation
does not differ meaningfully across discourse modes (the joint interaction test is null in FL,
x2(4) = 4.44, p = .349, and on the a = .05 boundary in CO, p = .052), so the discourse
modes appear to move votes by shifting the level of what users articulate rather than the
persuasiveness of any given argument. The Reflective chatbot’s open-ended probing and the
Argumentative chatbot’s challenges make cons easier to enumerate than pros; the neutral
ATI-QA chatbot, which answers rather than probes, leaves the articulation profile and the
vote distribution near baseline. This account is observational, since random assignment is
at condition rather than at articulation counts, and a residual AI-Reflect effect on the CO
yes-vote survives conditioning on articulation.

A competing account ties the shift to the measure’s topic rather than to a common de-
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fault, with the treatments reducing yes-votes on emotionally charged topics and reducing
abstention on technical ones. With only two measures the two accounts cannot be distin-
guished; a measure with a low baseline yes-rate on an emotional topic, or a high baseline

yes-rate on a technical topic, would identify which factor dominates.

4.4.2  Reasoning and Engagement

The vote shift was accompanied by changes in how participants engaged with the mea-
sure and in what their written rationales contained. We hypothesized that the two dis-
course modes would produce deeper engagement and richer rationales than plain question-
answering, and we further examine whether those rationales reflect the participant’s own
reasoning or the chatbot’s contributions.

Engagement. The discourse modes produced deeper engagement than plain question-
answering. AI-Reflect and AI-Argue produced longer active times than AI-QA, and
AT-Argue produced the longest user messages, nearly double the AI-QA length on the
Florida measure. The modes also changed the content of participants’ questions. Under
AT-QA, two-thirds of messages were simple factual clarification; under AI-Argue and
AT-Reflect that share fell to roughly half, as participants more often raised comparative
tradeoffs. Participants rarely solicited counterarguments directly; that engagement came
through the chatbot’s output rather than through user requests. The time these conversa-
tions took accounts for most of the gap in time-on-task between the chat conditions and
Official_Text, while reading the Ballotpedia summary took no longer than reading the
official text (Figure 4.2).

Argument count and balance. AI-Reflect produced the most arguments on both mea-
sures, roughly one more on average than 0fficial_Text (p < .001). AI-Argue and AI-QA
also exceeded 0fficial_Text, but Ballotpedia did not, so the gain comes from the con-

versation itself rather than from a richer summary; among the chat modes, AI-Reflect
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Figure 4.2: Engagement outcomes by condition for the Colorado (top) and Florida (bottom)
measures. Columns show active minutes, mean message length in words, and conversation
turns. Active minutes for chat conditions exclude Al response time; message length and
conversation turns are defined only for the three chat conditions.
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slightly exceeded AI-QA while AI-Argue was indistinguishable from it. The discourse modes
change the balance of arguments more than their number. On the Colorado measure,
Official_Text rationales averaged about 2.3 pros to 0.9 cons, while AI-Reflect ratio-
nales averaged roughly one pro for every four cons (1.0 to 3.9). The Florida measure, where
no stance held a default majority, showed a weaker version of the same effect. AT-Reflect
rationales were close to balanced, while 0fficial_Text contained slightly more cons than
pros. Pros and cons appear in every condition, so the discourse modes change the proportion

of each rather than whether participants weigh both sides (Figure 4.3).
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Figure 4.3: Mean pro and con argument counts in the written rationale by condition. On the
Colorado measure, AI-Reflect inverts the pro/con balance, shifting from the pro-leaning
rationale produced under Official_Text to a strongly con-leaning one.

Counterargument engagement. On the Wachsmuth-style rubric, every treatment en-
gaged counterarguments more than 0Official_Text on the Colorado measure, but the dis-
course modes were no better than plain AI-QA there. The discourse modes exceeded AI-QA
only on the more technical Florida measure, where AI-Argue and AI-Reflect clearly ex-
ceeded both Official_Text and AI-QA (Figure 4.4). Only this counterargument result is
sensitive to specification. The Colorado advantage for AI-Reflect loses significance under
stricter sample exclusion (Table C.4), whereas the argument-count effects hold throughout.
The difference between the two measures may reflect their topics. On the Colorado measure,

even neutral question-answering already raises the opposing arguments; on the technical
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Florida measure, the discourse modes’ probing is what produces the gain. The discourse

modes matter most where the topic does not elicit reactions on its own.
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Figure 4.4: Counterargument engagement (Wachsmuth-style 0/1/2 rubric) by condition.
Discourse modes raise engagement above 0fficial_Text on both measures; the discourse-
mode-versus-AI-QA gap appears only in FL.

Rationale influence. In chatbot conditions, the written rationale may be drawing on
what the participant articulated during the conversation or on what the chatbot supplied.
To quantify the relative influence of each, the conversation—rationale predictability analy-
sis (§4.3.3) scores the per-token log-probability of each rationale and decomposes it into a
participant contribution (how much the rationale follows from the participant’s own mes-
sages) and a chatbot contribution (the additional predictability supplied by the chatbot’s
messages), which sum to the total (Figure 4.5). Across the three chat modes the total
predictability is similar, but the share contributed by the participant and by the chatbot
differs. Under AI-QA the rationale is least predictable from the participant’s own messages
and depends most on the chatbot’s content; under AI-Argue and AI-Reflect the partici-
pant’s own messages account for more of the predictability and the chatbot’s content for less.
Participants in question-answering tend to reproduce what the chatbot told them, whereas

participants in the argumentative and reflective modes write rationales that follow from what
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they themselves articulated during the conversation. The difference in participant contri-
bution is reliable (Kruskal-Wallis p = .003; AI-Argue versus AI-QA p < .001), holds within
each measure, and reproduces across three additional scoring models (Qwen3.5 at 2B, 4B,
and 9B); the complementary chatbot-contribution effect is clearer under the primary model

than the alternatives, so we treat the participant-contribution result as the robust one.

Participant vs chatbot contribution (Qwen2.5-7B)

QA
<&
—_———
Argue o
Reflect ¢ @ Participant
<& ¢ Chatbot

Participant contribution by scorer model

—_—— ¢ QA
Qwen2.5-7B —_— € Argue
¢ @ Reflect
+
Qwen3.5-2B —_——
+
+
Qwen3.5-4B —_—
_’_
+
Qwen3.5-9B —_—
+

0.00 0.05 010 015 020 0.25 0.30
A log-prob per token (nats)

Figure 4.5: Decomposition of conversation-rationale predictability, pooled across measures,
as differences in mean per-token log-probability (nats) with 95% confidence intervals. Top:
for each chat mode, the participant contribution (rationale predictable from the user’s own
messages) and the chatbot contribution (additional predictability from the chatbot’s mes-
sages); the participant contribution is largest under AI-Argue and AI-Reflect, while the
chatbot contribution is largest under AI-QA. Bottom: the participant contribution by chat
mode across four scorer models, showing that the AI-Argue >AI-Reflect >AI-QA ordering
reproduces.
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4.4.8  Understanding and Confidence

We hypothesized that all four treatments would raise self-reported understanding over

Official_Text, and that the two probing discourse modes, AI-Reflect and AI-Argue,

would lower decision confidence by raising productive uncertainty. Figure 4.6 reports both

scales by condition.
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Figure 4.6: Self-reported understanding and decision confidence (1-5 Likert scales) by con-
dition, for the Colorado (top) and Florida (bottom) measures.

On understanding, the predictions were largely supported. On the Colorado mea-

sure, AT-Reflect, AI-QA, and Ballotpedia each raised self-reported understanding over

Official_Text, while AI-Argue did not; on the Florida measure all four raised it, by
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between half a point and nearly a full point on the five-point scale. The largest single effect,
AI-Reflect on Florida, was substantial (d = 0.90).

Decision confidence moved in the opposite direction from our prediction. We had expected
the probing discourse modes to leave participants less certain, having confronted them with
complexity and competing considerations. Instead, no condition lowered confidence. On
both measures every treatment raised it, with AI-Reflect raising it by about two-thirds of
a point over Official_Text on Colorado. Even the modes intended to unsettle participants
left them more confident in their vote. Both the understanding and confidence effects are
stable across model specifications (Table C.4).

The result fits a commitment mechanism rather than the productive uncertainty we
expected. Participants who were prompted to articulate and defend a position reported
higher confidence and abstained less often than those who only read the official text. The
Florida vote shift is consistent with the same account, since the chat conditions there reduced
abstention and moved participants to a definite Yes or No (§4.4.1). This provides evidence
against the assumption, common in the deliberative-democracy literature, that a better

information environment should mainly reveal complexity and raise uncertainty.

4.5 Conclusion

First, Al interaction changes vote outcomes on real ballot measures, and by margins large
enough to matter for direct democracy; the same intervention that lowers approval by 45
points on one measure reduces abstention by 29 points on another, so the vote shift reflects
movement away from a low-engagement default rather than persuasion in a consistent di-
rection. Second, better-reasoned votes come from eliciting user reasoning rather than from
simply delivering content. The AI-QA chatbot answers questions efficiently and raises self-
reported understanding, but it leaves votes near baseline because it does not change what

participants articulate. A civic deliberation tool aimed at producing better-reasoned votes
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should be designed to elicit articulation and commitment.

Unlike prior work that focuses broadly on misinformation or digital engagement, this work
focuses on comprehension and decision rationale, two underexamined yet critical factors in
electoral behavior. A neutral Q&A chatbot raises the legibility of an unfamiliar measure
but does not change the substance of voters’ reasoning. The Reflective and Argumentative
chatbots also change how voters reason. The deliberative-democracy relies on civic infras-
tructure to prompt citizen reasoning and engagement. This work presents one possibility for
how Al can support that objective.

Future work. The experiment measures effects immediately after the interaction, leaving
open whether they persist. A one-month follow-up survey is planned, in which participants
again view the official ballot text and repeat the vote, confidence, and explanation questions,
supporting within-participant comparison of vote stability and rationale quality over time.
This would establish whether the gains in reasoning and the vote shifts reported here endure
to the point of casting a ballot, or depend on the immediate context of the conversation. With
only two measures, the present design also cannot separate an account in which the chatbots
move votes away from a low-engagement default from one in which the effect depends on the
measure’s topic; measures chosen to break this confound, such as a low baseline yes-rate on an
emotional topic or a high baseline yes-rate on a technical one, could help distinguish them.
The LLM-based rationale annotations will also be further validated against independent

human coding on a random subset, complementing the manual factuality review reported in

§4.3.1.
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CHAPTER 5
CONCLUSION

5.1 Summary of Contributions

Across three domains, this dissertation develops meaningful abstractions and specifications
for tasks that otherwise rely on tacit knowledge and expert judgment. In doing so, each
chapter shows what that makes possible for those three different domains. Chapter 2 defines
causal micro-narratives and an inflation-specific ontology, with which a language model can
be fine-tuned to measure, efficiently and at scale, how narratives circulate across a century of
news and relate to household inflation expectations. Chapter 3 introduces CASESUMM and
an evaluation grounded in expert rankings, and finds that automatic metrics and LLM-based
judges diverge from expert judgment in legal summarization. Chapter 4 designs CivicChats,
a chatbot interface with three discourse modes grounded in deliberative democracy, and
shows that it shifts how voters engage with ballot measures.

Each contribution makes an abstract phenomenon or behavior measurable, at a level that
adds domain structure without over-constraining the model. Without such a specification,

off-the-shelf large language models fail to be reliably useful in these open-ended domains.
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APPENDIX A
CAUSAL MICRO-NARRATIVES: SUPPLEMENTARY
MATERIAL

A.1 ProQuest Newspapers

The historical news corpus is drawn from the following ProQuest publications: Chicago Tri-
bune, Chicago Defender, Los Angeles Times, Los Angeles Sentinel, Atlanta Daily World,
Cleveland Call and Post, Detroit Free Press, Indianapolis Star, Kansas City Call, Louisville
Courier Journal, Louisville Defender, Michigan Chronicle, Minneapolis Star Tribune, New
York Amsterdam News, New York Tribune / Herald Tribune, Norfolk Journal and Guide,
Philadelphia Tribune, Pittsburgh Courier, Pittsburgh Post-Gazette, San Francisco Chroni-
cle, St. Louis American, St. Louis Post Dispatch, The Baltimore Afro-American, The Boston
Globe, The Christian Science Monitor, The Cincinnati Enquirer, The Nashville Tennessean,
The New York Times, The Wall Street Journal, The Washington Post, U.S. Newsstream,
and U.S. Major Dailies.

A.2 Inflation Narrative Ontology

Table A.1 lists the full set of inflation cause and effect categories, the label used for each
in the classification task, and an excerpt of its definition. The categories were selected
and defined by a domain expert using a combination of domain knowledge, web searches,
and LLM interactions. When using an LLM (OpenAl ChatGPT 3.5, Google Bard/Gemini,
Anthropic Claude), the prompt was “what are the causes (effects) of inflation? Describe

7 To expand on a particular cause or effect,

the economic mechanisms and give examples.
the prompt was “explain economic mechanisms and examples of zzzz as a cause (effect) of

inflation.”
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Table A.1: Narrative categories, the label used in the classification task, and an excerpt of
each definition.

Narrative Label Definition Excerpt

Causes

Demand-side Factors demand Pull-side or demand-pull inflation.

Supply-side Factors supply Push-side or cost-push inflation.

Built-in Wage Infla- wage Also known as wage inflation or wage-price spi-

tion ral.

Monetary Factors monetary Central bank policies that contribute to infla-
tion.

Fiscal Factors fiscal Government policies that contribute to inflation.

Expectations expect The expectation that inflation will rise often
leads to a rise in inflation.

International Trade international International trade and exchange rate factors

& Exchange Rates

Other Causes

other-cause

that can cause inflation.

Causes not included in above.

Effects

Reduced Purchasing
Power
Cost of Living In-

creases

Uncertainty In-

creases

purchase

cost

uncertain

Inflation erodes the purchasing power of money
(such as the U.S. dollar) over time.

Inflation can raise the cost of living, particularly
impacting individuals on fixed incomes, pension-
ers, and those with lower wages.

Inflation can create uncertainty about future
prices (or future inflation itself), particularly if

the inflation is high or unpredictable.

continued on next page
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Table A.1 — continued

Narrative Label Definition Excerpt

Interest Rates Raises rates Central banks may respond to inflation by rais-
ing interest rates to curb spending and invest-
ment.

Income or Wealth redistribution Inflation can redistribute income and wealth be-

Redistribution tween people in the economy.

Impact on Savings savings Inflation can affect various types of savings/fi-

nancial investments.

Impact on Global trade Inflation can impact a country’s trade or com-
Trade petitiveness in global markets.

Cost-Push on Busi- cost-push Rising costs of production due to inflationary
nesses pressures can squeeze business profits, poten-

tially leading to reduced investment, job cuts

and unemployment, or higher prices for con-

sumers.
Social and Political social Inflation can have social and political economic
Impact implications.

Government  Policy govt Inflation may impact government spending poli-
& Public Finances cies or programs.

Impact

Other Effects other-effect  Effects not included in above.

A complete narrative classification is represented as JSON. The fine-tuned model is evalu-
ated only on the contains-narrative and narratives fields; the schema carries additional

fields used in related analyses. The schema is:

{

"foreign": truel|false,
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"contains -narrative": true|false,
"inflation-narratives": [
"inflation-time": "past"|"present"|"future"|"na",
"inflation-direction": "down"|"up"|"na",
"narratives": [
{"causes"|"effect": category, "time":

<> "past"|"present"|"future"|"na"},

] | null

A.3 Annotation Interface

Figure A.1 and Figure A.2 show example annotations for a cause-of-inflation narrative and
an effect-of-inflation narrative, respectively.

Kahn told the subcommittee: "The OPEC increases yesterday (Wednesday) raise the real specter that we will be bumping at double-digit inflation for the rest of this year." (1979)

What kind of narrative about inflation is expressed?* Causes of Inflation (select all that apply)
cause!!!  Effect!?]  None!3! Foreignm Demand-side factors!®!
> Pull-side or demand-pull inflation.
When is the inflation occuring? Supply-side factors!f]
Past[5] Present[G] ® Futurel7] N/A[Bl Pastlg] Present[Z] Future[x] NIA[c]

> Push-side or cost-push inflation

Is the inflation going up (high), down (low), or neither (NA)? Built-in wage inflation["]
A Up/High[S] Down/Low!0! Naldl NAW] > Also known as wage inflation or wage-price spiral

Monetary factors!P!

> Central bank policies that contribute to inflation.

Fiscal factors!™!

> Government policies that contribute to inflation.

Expectations

> The expectation that inflation will rise often leads to a rise in inflation.

International Trade and Exchange Rates

> International trade and exchange rate factors that can cause inflation.

Other Causes

> Causes not included in above.

Figure A.1: Example annotation for a narrative about the cause of inflation.
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The spur to keep up with inflation has hiked sales. (1961)

What kind of narrative about inflation is expressed?* Effects of Inflation (select all that apply)
Cause!?! g Effect!?l  None!3!  Foreign4! Reduced Purchasing Power
> Inflation erodes the purchasing power of money (such as the U.S. dollar) over time.
When is the inflation occuring? Cost of Living Increases
> Inflation can raise the cost of living, particularly impacting individuals on fixed incomes, pensioners, and those with lower wages.
Past!® & present!®! Future!”! N/Al8] - e e ' i i '

Uncertainty Increases
Is the inflation going up (high), down (low), or neither (NA)? > Inflation can create uncertainty about future prices (or future inflation itself), particularly if the inflation is high or unpredictable.
Up/Highm Down/Lowl! nalal o nalW Interest Rates Raised
> Central banks may respond to inflation by raising interest rates to curb spending and investment.
Income or Wealth Redistribution
> Inflation can redistribute income and wealth between people in the economy.
Impact on Savings
> Inflation can affect various types of savings/financial investments.
Impact on Global Trade
> Inflation can impact a country’s trade or competitiveness in global markets.
Cost-Push on Businesses
Past Present Future N/A
> Rising costs of production due to inflationary pressures can squeeze business profits, potentially leading to reduced investment, job cuts and unemployment, or higher prices for consumers.
Social and Political Impact
> Inflation can have social and political economic implications.
Government Policy and Public Finances Impact
> Inflation may impact government spending policies or programs,
Other Effects

> Effects not included in above.

Figure A.2: Example annotation for a narrative about the effect of inflation.
A.4 Classification Prompt

The prompt used for narrative classification is reproduced below. For few-shot and zero-shot

prompts, examples are listed before the final sentence.

Below are lists of causes and effects of inflation.

Causes of inflation:

[demand] Demand-side factors: Pull-side or demand-pull inflation.

[supply] Supply-side factors: Push-side or cost-push inflation.

[wage] Built-in wage inflation: Also known as wage inflation or wage-price spiral.
[monetary] Monetary factors: Central bank policies that contribute to inflation.
[fiscal] Fiscal factors: Government policies that contribute to inflation.

[expect] Expectations: The expectation that inflation will rise often leads to a rise
in inflation.

[international] International Trade and Exchange Rates: International trade and
exchange rate factors that can cause inflation.

[other-cause] Other Causes: Causes not included in above.

Effects of inflation:
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[purchase] Reduced Purchasing Power: Inflation erodes the purchasing power of money (

such as the U.S. dollar) over time.

[cost] Cost of Living Increases: Inflation can raise the cost of living, particularly

impacting individuals on fixed incomes, pensioners, and those with lower wages.
[uncertain] Uncertainty Increases: Inflation can create uncertainty about future prices
(or future inflation itself), particularly if the inflation is high or unpredictable.
[rates] Interest Rates Raised: Central banks may respond to inflation by raising

interest rates to curb spending and investment.

[redistribution] Income or Wealth Redistribution: Inflation can redistribute income and
wealth between people in the economy.

[savings] Impact on Savings: Inflation can affect various types of savings/financial

investments.

[trade] Impact on Global Trade: Inflation can impact a country's trade or

competitiveness in global markets.

[cost-push] Cost-Push on Businesses: Rising costs of production due to inflationary

pressures can squeeze business profits, potentially leading to reduced investment, job

cuts and unemployment, or higher prices for consumers.

[social] Social and Political Impact: Inflation can have social and political economic

implications.

[govt] Government Policy and Public Finances Impact: Inflation may impact government

spending policies or programs.

[other-effect] Other Effects: Effects not included in above.

Identify all causes and effects of inflation that are expressed in the sentence:

A.5 Fine-tuning Hyperparameters

A.6 Confusion Matrices

Figures A.3-A.6 report confusion matrices for the fine-tuned Llama 3.1 8B and GPT-40 pre-

dictions against majority-vote human labels on the NOW and ProQuest test sets. The label
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Max Steps Effective Batch Size Optimizer Learning Rate LoRA r, «
600 16 AdamW le-4 16, 32

Table A.2: Fine-tuning hyperparameters for Phi-2 and Llama 3.1 8B.

“none” indicates a narrative in one set that does not match any narrative in the comparison
set. For example, if a model predicts narratives about “rates” and “monetary” while the

human label is only “rates,” then “monetary” is matched with “none.”
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Figure A.3: NOW test set: fine-tuned Llama 3.1 8B predictions against majority-vote human
ground truth.
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Figure A.4: ProQuest test set: fine-tuned Llama 3.1 8B predictions against majority-vote
human ground truth.
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Figure A.5: NOW test set: GPT-40 predictions against majority-vote human ground truth.
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Figure A.6: ProQuest test set: GPT-40 predictions against majority-vote human ground
truth.
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APPENDIX B
CASESUMM: SUPPLEMENTARY MATERIAL

B.1 Summary Generation

B.1.1 Mistral Fine-tuning and Generation Details

Fine-tuning uses a batch size of 56. The best-performing learning rate is selected from
{2e—5,2e—4,2e—3} with early stopping based on dev-loss convergence. Experiments run
on 7 A100 80GB GPUs, with each fine-tuning run taking approximately 2 hours. During
generation, sampling is disabled and the maximum number of tokens is set to 1500. Opin-
ions exceeding Mistral’s 32,768-token context limit are truncated. In approximately 10% of
Mistral generations, decoding stops on the length limit rather than an <eot> token; in those
cases generation falls back to sampling with repetition_penalty = 1.3 and top_p = 0.9,

which produces a complete summary and reduces degenerate output.

B.1.2 GPT-4 Generation Details

GPT-4 summaries of the majority opinions are generated with the DSPy-optimized prompt in
§B.1.4; the initial, unoptimized prompt is in §B.1.3. DSPy is run with gpt-4-1106-preview
using the SignatureOptimizer (now COPRO) with ROUGE-2 as the optimization metric
and a development set of reference syllabuses, otherwise using default parameters. Final
summaries are generated with gpt-4-1106-preview at temperature = 0 and max_tokens =

1000, with all other parameters set to the OpenAl API defaults.

B.1.8 Initial GPT-/ Prompt

Summarize the Supreme Court Opinion.
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Opinion: {{OPINION}}

Summary :

B.1.4 DSPy-Optimized GPT-/ Prompt

Review the provided Supreme Court opinion text. Deliver a concise, neutral summary that
captures the essence of the legal reasoning, main points of law, conclusions drawn,
and the implications of the decision, all whilst adhering to comprehensible language

suitable for an educated general audience.

Opinion: {{OPINION}}

Summary of Supreme Court Opinion:

B.2 Automatic Evaluation

ROUGE is computed with the HuggingFace evaluate package, with use_stemmer = True
and use_aggregator = True. BERTScore is computed with the bert-score PyPI pack-
age using the default bert-base-uncased scoring model and all other default settings.

BARTScore results are reported in Table 3.3.

B.3 G-Eval

G-Eval scores are generated with gpt-4-0613 at temperature = 1 and n = 10, with all
other parameters set to the OpenAl API defaults. The default prompts cover consistency,
relevance, coherence, and fluency; the adapted prompts cover sensitivity, specificity, clarity,
and style. The full set of default and adapted scores is reported in Table 3.8. The eight

scoring prompts are reproduced below.
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B.3.1 Consistency Prompt

You will be given one summary written for a U.S. Supreme Court opinion.

Your task is to rate the summary on one metric.

Please make sure you read and understand these instructions carefully. Please keep this

document open while reviewing, and refer to it as needed.

Evaluation Criteria:

Consistency (1-5) - the factual alignment between the summary and the summarized source

. A factually consistent summary contains only statements that are entailed by the

source document. Annotators were also asked to penalize summaries that contained

hallucinated facts.

Evaluation Steps:

1. Read the opinion carefully and identify the main facts and details it presents.

2. Read the summary and compare it to the opinion. Check if the summary contains any

factual errors that are not supported by the opinion.

3. Assign a score for consistency based on the Evaluation Criteria.

Opinion Text:

{{Document}}

Summary :

{{Summary}}

Evaluation Form (scores ONLY):
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- Consistency:

B.3.2  Relevance Prompt

You will be given one summary written for a U.S. Supreme Court opinion.

Your task is to rate the summary on one metric.

Please make sure you read and understand these instructions carefully. Please keep this

document open while reviewing, and refer to it as needed.

Evaluation Criteria:
Relevance (1-5) - selection of important content from the source. The summary should
include only important information from the source document. Annotators were instructed
to penalize summaries which contained redundancies and excess information.
Evaluation Steps:

1. Read the summary and the source document carefully.

2. Compare the summary to the source document and identify the main points of the
opinion.
3. Assess how well the summary covers the main points of the opinion, and how much
irrelevant or redundant information it contains.
4. Assign a relevance score from 1 to 5.

Opinion Text:

{{Document}}
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Summary :

{{Summary}}

Evaluation Form (scores ONLY):

- Relevance:

B.3.3 Coherence Prompt

You will be given one summary written for a U.S. Supreme Court opinion.

Your task is to rate the summary on one metric.

Please make sure you read and understand these instructions carefully. Please keep this

document open while reviewing, and refer to it as needed.

Evaluation Criteria:

Coherence (1-5) - the collective quality of all sentences. We align this dimension with
the DUC quality question of structure and coherence whereby "the summary should be
well-structured and well-organized. The summary should not just be a heap of related
information, but should build from sentence to a coherent body of information about a

topic."

Evaluation Steps:

1. Read the opinion carefully and identify the main topic and key points.
2. Read the summary and compare it to the opinion. Check if the summary covers the main
topic and key points of the opinion, and if it presents them in a clear and logical

order.
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3. Assign a score for coherence on a scale of 1 to 5, where 1 is the lowest and 5 is

the highest based on the Evaluation Criteria.

Opinion Text:

{{Document}}

Summary :

{{Summary}}

Evaluation Form (scores ONLY):

- Coherence:

B.3.4 Fluency Prompt

You will be given one summary written for a U.S. Supreme Court opinion.

Your task is to rate the summary on one metric.

Please make sure you read and understand these instructions carefully. Please keep this

document open while reviewing, and refer to it as needed.

Evaluation Criteria:

Fluency (1-3): the quality of the summary in terms of grammar, spelling, punctuation,

word choice, and sentence structure.

- 1: Poor. The summary has many errors that make it hard to understand or sound

unnatural.
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- 2: Fair. The summary has some errors that affect the clarity or smoothness of the

text, but the main points are still comprehensible.

- 3: Good. The summary has few or no errors and is easy to read and follow.

Summary :

{{Summary}}

Evaluation Form (scores ONLY):

- Fluency:

B.3.5 Sensitivity Prompt

You will be given one summary written for a U.S. Supreme Court opinion.

Your task is to rate the summary on one metric.

Please make sure you read and understand these instructions carefully. Please keep this

document open while reviewing, and refer to it as needed.

Evaluation Criteria:

Sensitivity (1-5) - the informativeness of the summary with respect to the opinion. An

informative summary contains all relevant information required to understand the facts,

judgement, and reasoning of the opinion.

Evaluation Steps:

1. Read the opinion carefully and identify the main facts, judgements, and reasoning it

presents.
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2. Read the summary and compare it to the opinion. Check if the summary misses relevant

information presented in the opinion.

3. Assign a score for sensitivity based on the Evaluation Criteria.

Opinion Text:

{{Document}}

Summary :

{{Summary}}

Evaluation Form (scores ONLY):

- Sensitivity:

B.3.6  Specificity Prompt

You will be given one summary written for a U.S. Supreme Court opinion.

Your task is to rate the summary on one metric.

Please make sure you read and understand these instructions carefully. Please keep this

document open while reviewing, and refer to it as needed.

Evaluation Criteria:

Specificity (1-5) - selection of important content from the source. The summary should
include only important information from the source document and exclude irrelevant
information that is not required to understand the facts, judgement, and reasoning.

Annotators were instructed to penalize summaries which contained irrelevant and excess
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information.

Evaluation Steps:

1. Read the summary and the opinion carefully.

2. Compare the summary to the opinion and identify the main points of the opinion.

3. Assess how much irrelevant or redundant information it contains.

4. Assign a Specificity score from 1 to 5.

Opinion Text:

{{Document}}

Summary :

{{Summary}}

Evaluation Form (scores ONLY):

- Specificity:

B.3.7 Clarity Prompt

You will be given one summary written for a U.S. Supreme Court opinion.

Your task is to rate the summary on one metric.

Please make sure you read and understand these instructions carefully. Please keep this

document open while reviewing, and refer to it as needed.

Evaluation Criteria:
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Clarity (1-5): the quality of the summary in terms of grammar, word choice, and
sentence structure. The summary should be well-structured and well-organized. The
summary should not just be a heap of related information, but should build from
sentence to a coherent body of information about a topic. Is this summary clear and

easy to read?

- 1: Very Poor. The summary is riddled with errors, making it very hard to understand.
It may be disorganized to the point of confusion.

- 2: Poor. The summary has noticeable errors that impede clarity. It might be difficult
to follow the central points or the flow of information.

- 3: Fair. The summary conveys the main points, but there are a few errors or awkward

phrases. Overall, it is understandable but not polished.

- 4: Good. The summary is clear, well-structured, and mostly free of errors. The
information is presented smoothly and cohesively.

- 5: Excellent. The summary is highly polished, with virtually no errors. It flows

naturally, is easy to read, and effectively communicates the key information.

Summary :

{{Summary}}

Evaluation Form (scores ONLY):

- Clarity:

B.3.8 Style Prompt

You will be given one summary written for a U.S. Supreme Court opinion.

Your task is to rate the summary on one metric.
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Please make sure you read and understand these instructions carefully. Please keep this

document open while reviewing, and refer to it as needed.

Evaluation Criteria:

Style (1-3) - Does this summary have a legal style, defined as something written by a

well-trained lawyer?

- 1: Poor. The summary does not read like something a trained lawyer would write. It

may be overly casual, contain imprecise or incorrect legal terminology, or lack the

logical structure and clarity typically found in legal writing.

- 2: Fair. The summary attempts a legal style and may use some appropriate terminology

or reasoning, but it isn't fully polished. It might occasionally drift into non-legal
language or lack the cohesive logic and precision expected from professional legal

writing.

- 3: Good. The summary is stylistically consistent with something a trained lawyer

would write. The language is precise, the reasoning is well-structured, and the tone is
appropriately professional. It closely resembles the style commonly found in formal

legal documents.

Evaluation Steps:

1. Read the summary and the opinion carefully.

2. Consider the style of the summary: Does it exhibit a tone, language, and structure
similar to that of a well-trained lawyer (e.g., careful use of terminology, logical
organization, professional tone)?

3. Compare the summary's style to the evaluation criteria. Assign a rating (1-3) based
on how closely it aligns with a professional legal style, using the provided

definitions for each level.

Opinion Text:
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{{Document}}

Summary :

{{Summary}}

Evaluation Form (scores ONLY):

- Style:

B.4 Human Evaluation

B.4.1 Dimensions of Summary Quality

Summaries are ranked from 1 (best) to 5 (worst) on each dimension below, with ranks
mutually exclusive within a dimension (one summary per rank), except factuality, which is
a yes/no judgment.

Sensitivity. Does this summary include all relevant information required to understand the
facts, judgment, and reasoning?

Specificity. Does this summary exclude irrelevant information that is not required to un-
derstand the facts, judgment, and reasoning?

Clarity. Is this summary clear and easy to read?

Style. Does this summary have a legal style, defined as something written by a well-trained
lawyer?

Factuality. Does this summary contain any factual errors? (Yes/No)
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B.4.2  Annotation Interface

Figure B.1 shows the Label Studio interface that participants used to read the opinions and

summaries and then rank them.

118



First, click the link below to open the opinion. Next, do not close this tab. Go read the opinion
before answering the next question on this tab.
Opinion: https://

Have you read Supreme Court case HARRIS COUNTY COMMISSIONERS COURT et al. v. MOORE

etal.?

@® Yes

Please read each of the following 5 summaries of the Supreme Court case. Each summary is
given a label from A to E.

>

v

v

v

M

No (If no, then please go and read this case. End survey.)

Summary A

Summary B

Summary C

Summary D

Summary E
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Please rank the 5 ies on the g criteria, with the best
summary ranked 1 and the worst summary ranked 5. You must rank
each summary. NO TWO SUMMARIES CAN HAVE THE SAME RANK.

1. Does this summary INCLUDE all RELEVANT information required
to understand the facts, judgment and reasoning? We want you to
rank summaries on how informative they are. Rank 1-5, with 1
being best (includes most relevant information)

Rank 1: A B [ D E
Rank 2: A B [ D E
Rank 3: A B Cc D E
Rank 4: A B [ D E
Rank 5: A B Cc D E

2. Does this summary EXCLUDE IRRELEVANT information that is
not required to understand the facts, judgment and reasoning? We
want you to rank summaries on how well they exclude irrelevant
information. Rank 1-5, with 1 being best (least irrelevant
information)

Rank 1: A B [ D E
Rank 2: A B C D E
Rank 3: A B Cc D E
Rank 4: A B Cc D E
Rank 5: A B [ D E

3. Is this summary clear and easy to read? Rank 1-5, with 1 being
best (clearest)

Rank 1: A B c D E
Rank 2: A B c D E
Rank 3: A B c D E
Rank 4: A B c D E
Rank 5: A B c D E

4. Does this summary have a legal style, defined as something
written by a well-trained lawyer? Rank 1-5, with 1 being best (best
legal style)

Rank 1: A B c D E
Rank 2: A B c D E
Rank 3: A B c D E
Rank 4: A B c D E
Rank 5: A B c D E

Can you confirm that no two summaries have the same rank for any
given metric?

Yes

No (if no, then go back and make sure no two summaries have the same rank.

Do the ies in any f: | errors?
Summary A: Yes No
Summary B: Yes No
Summary C: Yes No
Summary D: Yes No
Summary E: Yes No

Figure B.1: Label Studio annotation interface.



APPENDIX C
CIVICCHAT: SUPPLEMENTARY MATERIAL

C.1 Official Ballot Text

The official ballot text for each measure is reproduced below, as it appears on the ballot.

This is the text shown to participants in the Official_Text condition.

Colorado: Penalties for Fentanyl Sale and Possession Initiative

Shall there be a change to the Colorado Revised Statutes concerning criminal
penalties for fentanyl and certain synthetic opioids, and, in connection there-
with, increasing the felony classifications of drug-related crimes for distribution,
manufacturing, dispensing, sale, or possession of fentanyl and certain synthetic
opioids; creating mandated treatment for certain drug felony violations based
on possession amount; and changing sentencing provisions to narrow or elimi-
nate exemptions for crimes related to fentanyl and certain synthetic opioids and

drug-related deaths?

Florida: Changes to Budget Stabilization Fund Amendment

CONSTITUTIONAL AMENDMENT
ARTICLE III, SECTION 19

BUDGET STABILIZATION FUND.—Proposing an amendment to the State
Constitution to increase the amount of funds that may be retained in the budget
stabilization fund from 10% to 25% of general revenue collections, require the
legislature to transfer the lesser of $750 million or the amount required to reach
25% of the general revenue collections each year unless certain conditions are

met, and allow the legislature to withdraw funds for critical state needs.
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C.2 User Interface
C.3 Additional Methodology Details

C.4 Discourse-Mode Prompts

The system prompt for each discourse mode is the shared base prompt below, followed by
the mode-specific prompt, followed by the runtime ballot-measure context (§4.3.1). The base

and mode-specific prompts reproduced here are the versions deployed in the study.

Shared base prompt (all discourse modes)

## Principles

- If you cannot answer something, say so simply.
- If a question is clearly unrelated to the ballot measure or its surrounding context,
say so briefly and steer back. Questions about relevant background, history, or

implications are fine.

## Universal rules

- No em dashes. Use commas, periods, or separate sentences instead.

- No signposting or labeling in your response ("Counterpoint:", "On the other hand:", "
To answer your question:"). Just say it.

- No templated openers that announce what you are about to do. Just start talking.

- Don't repeat the same structure every response. Vary it naturally.

- Write so a high schooler could follow every sentence. Short sentences, common
everyday words, active voice. No jargon, no academic phrasing, no SAT words. If you
must use a technical term, explain it in plain words right away.

- Use literal, concrete language. No metaphors, no idioms, no figurative phrasing.

Every word should mean exactly what it says.
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## Web search

You have web search available, but prefer answering from the ballot measure context
provided to you. It contains the official text, arguments, background, and campaign
finance data. Only search when the user's question requires information not in that
context, such as current news, recent polls, specific people or organizations not

mentioned, or facts you are unsure about.

## Response length

Your default response is 1-3 sentences. Most questions about ballot measures can be

answered in that range.

Go up to a short paragraph (4-6 sentences) if question genuinely requires it, such as
explaining a multi-part policy mechanism or walking through how a measure interacts

with existing law.

The core of your responses shouldn't exceed one short paragraph unless the user
explicitly asks for more detail. You should also exceed that length if you are pushing

the conversation forward in some way or adding a follow-up.

Rules:

- One point per response. If there are multiple angles, pick the most important one.
- No bullet lists unless the user asks for a list or comparison.

- No headers or section labels in responses.

- If the user asks a compound question, answer the most important part and offer the

rest. ("Want me to walk through the funding piece too?")

QEA discourse mode

You help people understand ballot measures. Be clear, accurate, and approachable.
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You answer questions directly. Keep responses brief: a sentence or two for simple

questions, a few sentences for complex ones. Answer what was asked, nothing more.

Be warm but neutral. You are helping people understand, not persuading them. Don't
advocate for a particular vote or outcome. Do not preemptively explain implications,

history, or context the user didn't ask about.

## How to respond

Answer directly without preamble:

- "Yes, it applies to mail-in ballots too."

- "If you don't have a photo ID, you can use a license number or fill out an exception
form."

- "The measure would raise the sales tax by 0.5, to fund road repairs."

For complex questions, structure helps, but do not default to bullet lists every time.

A clear paragraph often works better.

## Avoid

- Repeating the same opener every response ("Here is..." or "Short answer:")
- Adding context they did not ask for

- Follow-up offers ("Let me know if you want more detail")

- Unsolicited caveats or qualifications

- Restating the question before answering

- Providing background context the user didn't ask for

- If the answer is one sentence, stop there

Argumentative discourse mode
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You're having a debate with your friend. You always take the opposite side of whatever
position they state. If they are against something, you argue for it. If they are for
something, you argue against it. You do not fully support, validate, or elaborate on

their position.

## Tone

Friendly and direct. While, you are trying to win an argument, part of the objective is
to genuinely help the user consider another angle / perspective, especially since you

don't agree on the outcome.

Keep it brief and use short and concise sentences.

## How to respond

When they state a position, argue a counterpoint. One clear point, stated directly.
Speak in your own voice. Do not attribute the argument to "supporters," "opponents," or

other groups. Make it yourself.

If they ask a factual or information question without stating a position, answer
briefly, then draw out their opinion. You need to know their position before you can
argue the other side. Do not let a factual question pass without drawing out where they
land. Do not reveal your own position or lean before the user has stated theirs. If
asked directly what you think, briefly summarize what a yes and no vote would do, then

ask what they think.

If they make a genuinely good point, concede what's correct in the other person's
argument, then reframe to the stronger version of the concern that survives their
rebuttal. Push back on the reasoning, the evidence, or the assumption behind it.
Conceding one narrow point does not mean agreeing with their overall position, and in

fact makes the pivot more persuasive.
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Your "side" means for or against the ballot measure as a whole, not a response to any
individual point. Lock in the opposite side from the user's first stated vote (for or
against the measure) and keep it for the entire conversation. If the user changes their
mind and starts agreeing with you, do not flip to the other side. Accept the win and

wrap up.

## Avoid

- Piling on multiple objections at once. Pick the single strongest counterpoint. Do not
chain points with "also" or "and it." Save the rest for later turms.

- Snarky or dismissive openers ("That sounds neat on paper," "Sure, but," "That's a

nice idea"). Start with the substance.

- Sounding dismissive or condescending

- Slang or filler words ("like," "actually," "super")

- Ending with a question after they have already stated their position. Once you know

their side, make your point and stop. This rule does not apply before they have taken a
side.

- Landing on the user's side. You can acknowledge nuance or grant a narrow point, but

your overall position must clearly oppose theirs. If a reader could mistake your

response for agreement, rewrite it.

## When to wrap up the conversation

End the back-and-forth when you notice:

- You are restating the same counterpoint in different words

- They have addressed your objection and you have no new angle to offer
- The same two or three themes keep cycling without new ground

- They have clearly thought it through, whether or not they changed their mind

When it is time to wrap up, acknowledge where they landed. A brief closing like "Sounds
like you have weighed it carefully" or "Fair enough, you have thought through the
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trade-off" signals the conversation has run its course. Do not keep pushing just to

push.

Reflective discourse mode

You help people understand ballot measures by helping them reflect on what they think
and why. Surface motivations, purposes, potential outcomes, costs, and trade-offs. Help

them explore what matters to them.

Be warm but neutral. You are helping people think, not persuading them. Don't advocate

for a particular vote or outcome.

## How to respond

Try to help surface and introduce broader implications into the discussion. This might
be:

- The purpose or motivation behind their concern

- Potential outcomes they have not considered

- Trade-offs embedded in their view

- What would have to be true for them to see it differently

- Tensions between their stated values and their position

Do not just narrow in on what they said. Expand the conversation by surfacing

implications, consequences, and motivations.

Answer factual or informational queries briefly when asked, then use the opportunity to

find a natural way to engage them in reflection or thought.

Keep your responses concise and flow naturally within the conversation. You don't have

to cover everything in each turn. Leave room for later discussion.
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## When to wrap up

When the user has worked through the main tension and arrived at a clear position,
reflect back where they landed. Do not keep the conversation going just to ask more

questions.

C.5 Rationale Annotation Prompts

The free-text vote rationales are annotated along the dimensions described in §4.3.3. Each
dimension uses the system prompt below, paired with a per-participant user message con-
taining the ballot-measure context and the participant’s decision explanation, and each call
returns a structured (JSON) object validated against a fixed schema. Annotations were

produced with GPT-5.2.

Argument extraction (pro/con counts)

You are a content analysis assistant. Extract every distinct argument the participant

makes about the ballot measure.

For each argument:

- Classify as "pro" (the argument supports voting YES on the measure) or "con" (the
argument supports voting NO on the measure)

- Write a short label (3-8 words)

- Write a one-sentence description of the claim

- Set “stance_confidence® to 'high' if the stance toward the measure is unambiguous; '
low' if the explanation is incoherent, sarcastic, self-contradictory, or you cannot

tell which side of the measure the argument supports.

**Stance classification rules --- read carefully:*x*
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- Stance is about THE MEASURE, not surface phrasing. An argument framed negatively (
criticizing pro-measure actors, mocking the law, complaining about consequences of the
current/proposed law) should still be classified by which vote it supports.

- Use the participant's actual vote (provided below) as a strong prior: if they voted
YES, most of their arguments will be “pro”; if they voted NO, most will be “con”. Only
deviate from this prior when the argument explicitly weighs an opposing consideration (
e.g. 'I see why opponents say X, but...').

- Refutations of an opposing view count as supporting the participant's OWN side. '
Opponents say X is bad, but actually X is good' is a “pro” (or “con’) argument
supporting the writer's stance, NOT a “con” (or “pro”) of the opposing view.

- If the participant explicitly entertains a counterargument as their own consideration

(e.g. 'one downside is X' from a yes-voter), classify it by what it supports: 'one

downside' supports voting NO, so it's a “con”.

**0ther rules:*x*

- Each argument should be a single, specific claim.

Only extract arguments that are clearly stated, not vaguely implied.

- If the participant made no arguments, return an empty list.

Mark "“stance_confidence='low'"~ when in doubt rather than guessing.

Counterargument engagement (0/1/2)

You are a content analysis assistant. Score a participant's written explanation of

their vote on a ballot measure for how much it engages with opposing viewpoints.

Participants were instructed to 'address opposing viewpoints or arguments.' Score 0, 1,

or 2:

0 = No opposing view. The explanation only gives reasons supporting the participant's

stance. No acknowledgment that a reasonable person could take the opposite position.
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1 = Opposing view mentioned but not engaged. Participant acknowledges another view
exists, concedes a point, or notes difficulty --- but does not refute, weigh, or
integrate it. Examples: 'some may disagree', 'I see why others support it', 'it's a

tough issue'.

2 = Opposing view engaged substantively. Participant refutes an opposing argument,
weighs it against their own reasoning, addresses it with a counter-reason, or

integrates it into an explicit tradeoff. Examples: 'While X is a real concern, Y

still matters more because...', 'Critics argue X, but the evidence suggests otherwise
because...', 'I considered voting no because of X, but decided Y outweighs it.'
Rules:

- Score based ONLY on what the participant wrote, not what you infer.

- The opposing view must be identifiable --- not just 'I'm unsure'.

- For score >= 1, provide a short verbatim span from the explanation identifying the
opposing view they mention.

- For score == 2, also provide a short verbatim span showing the substantive engagement

- If score is 0, leave both spans empty.

C.6 Discourse-Mode Evaluation Checklists

The CivicEval discourse-mode evaluation scores conversations against the checklists below.
A general checklist applies to every discourse mode, a factual question-answering checklist
applies to factual user questions in any condition, and each discourse mode has a dedicated
checklist. Checklist items are scored per turn or over the whole conversation, as indicated.
Some items are gated: a pre-check determines whether a turn or conversation is scored at

all, and conditional items (“If ...”) are scored only when their filter condition holds.
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General checklist (all discourse modes)

Turn level.
e [s the assistant’s tone matter-of-fact?
e [s the assistant’s response direct and to the point?
e Does the response use plain, accessible language with simple sentence structure?

o If the assistant response references links or external sources: are the links and sources

in the assistant’s response appropriate for the user message?

e If the user message is off-topic from the ballot measure: does the assistant gently

redirect the user back to the ballot measure?

e Does the response prioritize the most salient information rather than exhaustively

listing every relevant detail?
e Is the response relevant and on-topic?
e Is the response clear and unambiguous?

e If the response asks a follow-up question: is the assistant’s follow-up question grounded

in the specific ballot measure and not overly hypothetical?
Conversation level.

e Does the assistant vary its response structure across turns rather than using the same

template repeatedly?
e Does the assistant avoid repetitive signposting phrases across turns?

e Does the assistant show some acknowledgement of the user’s input in the conversation,

without excessive rapport-building or small talk?
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Factual question-answering checklist (all discourse modes)

Turn level. Pre-check: is the user message a factual or comprehension question about the

ballot measure or related context?

e Are all factual claims in the response supported by official ballot measure information

and /or other sources?

e If the response presents arguments or perspectives from multiple sides: does the re-

sponse reasonably acknowledge each side that is presented?
e Does the response directly address the user’s question?

e Does the response avoid sycophantic openers like “Great question!” or “Happy to help!”

or anything similar?

e Does the response avoid introducing topics unrelated to the user’s question or the

ballot measure?

AI-QA discourse-mode checklist

Turn level. Pre-check: is the user message a factual or comprehension question about the

ballot measure?

e Does the response present information without taking a position for or against the

measure?
e Does the response use neutral language and avoid loaded terms from either campaign?
e Does the response avoid suggesting follow-up questions or further discussion?

e Does the response prioritize information delivery over conversational engagement or

small talk?
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AI-Argue discourse-mode checklist

Turn level. Pre-check: does the user message make a claim, statement, or question conveying

an opinion?
e Are the assistant’s arguments substantive and tied to the actual stakes?
e Is the assistant’s tone assertive and willing to challenge the user’s position?
e Does the response avoid abusive, insulting, or inflammatory language?

e If the user message disagrees with the assistant’s stance: does the response handle
pushback appropriately, defending its position while remaining open to refining when
the user makes a strong point? Does the assistant directly engage with and address

the user’s position?
e Does the response keep to one focused argument per turn?
e Does the response avoid preempting objections the user has not raised?

Conversation level. Pre-check: does the user express a claim, statement, or question

conveying an opinion during this conversation?

e Does the assistant take a single clear position opposing the user’s original stance, with

explicit reasoning?

e Does the assistant maintain its position even if the user comes to agree with it (avoiding

flip-flopping sides)?

e Does the assistant acknowledge genuine tradeoffs rather than pretending the user’s

view has no merit?
e Does the response build on previous exchanges without repeating points?

e Does the thread stay coherent across turns?
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Does the assistant open new lines of thinking during the conversation?

Does the conversation reveal assumptions the user may not realize they hold?

Do the arguments address what actually matters vs. peripheral issues?

By the end, is the user’s position clear?

Does the assistant avoid continuing to argue when it has nothing new to add?

AI-Reflect discourse-mode checklist

Turn level. Pre-check: does the user message make a claim, statement, or question conveying

an opinion?

e Does the assistant’s inquiry stay grounded in helping the user make a vote decision
about the specific ballot measure, rather than pursuing interesting but tangential phi-

losophy or hypotheticals?
e Do the questions target reasoning and assumptions rather than just factual recall?

e Do the assistant’s questions open inquiry instead of funneling toward a predetermined

answer?
e Are the assistant’s questions specific enough that the user knows what to think about?
e Does the assistant ask only one question or a tightly related pair per turn?

Conversation level. Pre-check: does the user express a claim, statement, or question

conveying an opinion during this conversation?

e Does the assistant sound like a curious conversation partner rather than interrogating

or quizzing?
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e Does the assistant balance questions with brief acknowledgments or synthesis of the

conversation so far?
e Does the assistant avoid repeating points already covered?
e Do the assistant’s questions build on each other logically?
e Does the assistant help the user understand gaps or tensions in their reasoning?
e By conversation’s end, is the user’s position clear?

e Does the assistant avoid asking questions just to keep the dialogue going when the

same themes keep recurring?

C.7 Ballot Measure Text

C.8 Supplementary Results Tables

This section collects the sample-flow, demographic-balance, and primary-results summary

tables referenced from the findings (§4.4).

C.8.1 Robustness of Focal Contrasts

Figure C.1 and Table C.4 re-fit each focal contrast under alternative specifications: no co-
variates, demographic covariates, and a stricter sample exclusion requiring at least five active
minutes and a fifty-word explanation. Most contrasts—message length, non-factual-question
share, argument count, understanding, and confidence—hold on both measures. Two Col-
orado results are fragile: under the stricter exclusion, the counterargument-engagement gain
for AT-Reflect over Official_Text loses significance, and the yes-vote shift weakens to
borderline significance. The 45-percentage-point yes-vote drop in Colorado is real, but its
exact size depends on which participants are retained.
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Table C.1: Sample and exclusions by study (Colorado, CO; Florida, FL).

Stage CO FL
Recruited (started) 227 448
Excluded: failed attention check 1 1
Excluded: abandoned mid-study 22 44
Excluded: never advanced past registration 4 3
Final analytic sample 200 400
Official_Text 40 80
Ballotpedia 40 81
AI-QA 40 80
AI-Argue 40 79
AT-Reflect 40 80

Pre-registered exclusions: failed attention check; completion under 2.5 min; incomplete pages; non-residents
(enforced by Prolific prescreening). All N are post-exclusion. Abandoned includes participants who did not
finish the survey for any reason (e.g., dropped out mid-chat).

Table C.2: Demographics and balance by study (Colorado, CO; Florida, FL). Pooled-sample
summaries with chi-square balance tests across the five conditions.

Variable

Colorado (CO)

Florida (FL)

Pooled summary

Balance

Pooled summary

Balance

Age (years)

Sex

Race / ethnicity
Education

Political affiliation
Voting frequency

AT familiarity / trust

M 392 (14.3)

59% F / 41% M

81% White / 4% Black /
modal bachelor (41%)
modal democrat (43%)
modal every-election (52%)

modal somewhat-trust (40%)

4% Asian /

7% Mixed

2
8.
7.
1

1.81, p—0149

919 p70259

M 40.8 (14.2)
50% F / 50% M
71% White /
modal bachelor (40%)
modal democrat (36%)
modal every-election (38%)

modal somewhat-trust (48%)

12% Black / 6% Asian / 8% Mixed

2(16) = 15.66, p = 0.477
X2(16) = 13.00, p = 0.672
X2(12) = 12.65, p = 0.395
x2(16) = 18.91, p = 0.273

Balance tests: Pearson x? of independence across the five conditions. Sex and race tests omitted because
cell counts include ‘Prefer not to say’ / ‘DATA EXPIRED’ levels; balance for those variables is reported

descriptively.
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Table C.3: Primary results, both studies. One row per pre-registered outcome. The contrast
is the focal pre-registered comparison; effect sizes are unstandardized OLS coefficients (or,
for the vote-share outcome, percentage-point differences from a two-proportion z test on yes-
vote share against 0fficial_Text). The verdict reflects only the pre-registered prediction;
for subjective confidence in particular, the direction is robust across studies but opposite to
what the pre-registration anticipated.

Outcome Focal contrast CO effect (p) FL effect (p) Verdict

Active time AI-Reflect vs. AI-QA +2.32 (.109) +1.78 (.014) supported

Message length AI-Argue vs. AI-QA +15.15 words (< .001) +9.45 words (< .001) supported

Conversation turns AI-Reflect vs. AI-QA +0.76 (.286) +0.68 (.019) partial

Non-factual question share AI-Argue vs. AI-QA +0.17 (.009) +0.23 (< .001) supported

Total time on task Ballotpedia vs. Official_Text +2.53 (.132) +1.04 (.395) null

Total arguments AI-Reflect vs. Official_Text  +1.69 (< .001) +1.00 (< .001) supported

Counterarg engagement AI-Argue vs. Official_Text +0.57 (.007) +0.70 (< .001) supported

Epistemic uncertainty AI-Reflect vs. Official_Text  —0.04 (.672) —0.29 (< .001) opposite (CO null, FL reduces uncertainty)
Yes-share shift AI-Reflect vs. Official_Text  —45 pp (< .001) +13.8 pp (.078) supported (different direction; see Section 3)
Subjective understanding ~ AI-Reflect vs. Official_Text  +0.61 (< .001) +0.96 (< .001) supported

Subjective confidence AI-Reflect vs. Official_Text  +0.66 (.001) +0.60 (< .001) opposite (pre-reg predicted lower confidence)
Longitudinal effects data pending

The active-time, message-length, conversation-turn, and non-factual-question-share contrasts use AI-QA as
reference (within-chat outcomes); the remaining contrasts use 0Official_Text as reference. The “yes-share
shift” is reported as percentage points and a two-proportion z on the yes-vote share rather than a
regression coefficient; the multinomial logit log-odds and a per-condition decomposition are in Table 4.3.
Longitudinal follow-up data not yet collected at the time of writing.
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Table C.4: Robustness of focal condition contrasts to model-specification choices. Each row
reports the coefficient (and significance) for the named contrast under four specifications:
the pre-registered specification (Pre-reg), a model without covariates (No cov.), a model with
pre-registered covariates plus age, sex, education, and political affiliation (+ Demo.), and a
model with stricter sample exclusion requiring active time > 5 min and explanation word
count > 50 (Strict excl.). The yes-vote outcome is fit as a linear probability model on the
yes-vote indicator.

Study Outcome Contrast Pre-reg  No cov. + Demo. Strict excl.
CO Active minutes (excl. AT)  Reflect vs QA 2.32 2.89* 2.95 2.39
CO Mean message length Argue vs QA 15.15%%*  15.48***  16.18*** 19.21%**
CcO Conversation turns Reflect vs QA 0.76 1.02 0.95 0.98
CcO Non-factual question share Argue vs QA 0.17%* 0.18%* 0.17* 0.30%**
CO Total time on task Ballotpedia vs Text 2.53 2.57 2.72 2.14
CO Total arguments Reflect vs Text 1.62%** 1 72%Fkk ] BRHHkk 2.16%**
CcO Counterarg engagement Reflect vs Text 0.63** 0.65%* 0.61%* 0.21
CO Yes-vote share (LPM) Reflect vs Text -0.39%*%  _Q.45%HFK (.41 -0.29
CO Post understanding Reflect vs Text 0.61%** 0.55%%  (0.68%** 0.91°%**
CO Post confidence Reflect vs Text 0.66** 0.60%*  0.77*** 0.80**
FL Active minutes (excl. AT)  Reflect vs QA 1.78%* 1.66* 1.63* 1.17
FL Mean message length Argue vs QA 9.45%F* g 1o¥¥x g TQNHk 10.68***
FL Conversation turns Reflect vs QA 0.68* 0.66* 0.63* 0.66
FL Non-factual question share Argue vs QA 0.23%**  (.23%FFF (. 22%F* 0.26%**
FL Total time on task Ballotpedia vs Text 1.04 1.22 1.34 0.59
FL Total arguments Reflect vs Text 1I6%FF 1. 17¥%%  1.09%** 1.34%%*
FL Counterarg engagement Reflect vs Text 0.66***  0.66%*F*  0.63%** 0.65%**
FL Yes-vote share (LPM) Reflect vs Text 0.14 0.14 0.13 0.11
FL Post understanding Reflect vs Text 0.96***  0.96%*FF  (.89%** 0.92%**
FL Post confidence Reflect vs Text 0.60***  0.61%FF  0.55%** 0.73%%*

*p < 0.05, **p < 0.01, ***p < 0.001. Reference category: Official_Text for the between-condition
outcomes, AI-QA for the within-chat outcomes (active minutes, mean message length, conversation turns,
non-factual question share).
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