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ABSTRACT

Natural language is a fundamental medium of communication, across humans and machines.

It is often subjective and contextual, meaning that many language-based tasks lack singular

ground truth answers. However, reliable analysis and evaluation of such data and tasks are

still crucial, especially in high-stakes settings with direct impact on humans. This thesis

approaches these challenges by grounding the measurement of subjective concepts in human

signals of domain knowledge and building frameworks that leverage multiple, complementary

dimensions for evaluation. We first present a suite of metrics to quantify rhetorical distinc-

tiveness and divisiveness in political discourse. By combining large language models, lexical

resources, and graph-based analyses, we characterize how U.S. presidents differ in linguistic

style and use of antagonistic language in their public speeches. The second study introduces

an approach for distilling large-scale clinician feedback into structured, LLM-enforceable

checklist items, in order to define criteria for clinical note quality. Used with LLM-as-a-

Judge, these checklists yield interpretable and auditable criteria that demonstrate alignment

with expert judgment and outperform a zero-shot baseline in coverage, diversity, and pre-

dictive power. We incorporate this pipeline into an open-source library that unifies multiple

approaches for automatic checklist generation and scoring from the literature, to support

extensibility of rubric-based evaluation. Finally, we assess the impact of human-AI conver-

sation on voter engagement and reasoning around ballot measures. Through controlled user

studies, we observe considerable differences in vote distributions across treatment groups,

with discourse-oriented chatbot conditions yielding user-written rationales that are preferred

under Elo-style ratings, deliberative of tradeoffs, and self-articulated. Together, these stud-

ies demonstrate how subjective and abstract qualities can be quantified for natural language

tasks, by incorporating the domain expertise of humans, scalability of NLP tools and LLMs,

and multi-faceted interpretations of quality.
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CHAPTER 1

INTRODUCTION

Natural language has been used for communication and decision-making by humans and in-

creasingly also by machines (e.g., language models). Since language can shape real outcomes

in high-stakes settings like medicine and political communication [Shulman et al., 2022, Ong

et al., 2025, Flusberg et al., 2024], measuring and understanding it reliably and at scale is

important. Traditionally, evaluation has been done with labeled data and gold references

that assume some notion of correctness, but language is subjective and contextual, which

means there may not be a single correct answer or ground truth. Gold references and labels

aren’t always aligned with real user intuitions; static benchmarks can diverge from human

preferences [Aristidou, 2026]. Human judgment is typically the gold standard, but even ex-

perts can disagree on interpretations of language or even what qualities are important to

capture, which is reflected in low inter-rater agreement [Arora et al., 2025].

To support human-centered AI (i.e., attuned to the needs and preferences of human

users), reliable analysis and evaluation of language are crucial. Recent advances in natural

language processing (NLP) and large language models (LLMs) offer scalable capabilities to

do so, but their reliability on subjective tasks depends on how we define and measure the

qualities of interest. This thesis approaches these challenges by leveraging human domain

expertise to quantify subjective concepts and by building frameworks that leverage multiple,

complementary dimensions for evaluation.

In the first part of this thesis, we measure rhetorical distinctiveness and divisiveness to

investigate the following questions: Do American presidents speak discernibly differently

from each other? If so, in what ways? And are these differences confined to any single

medium of communication? To answer these questions, we introduce a novel metric of

uniqueness based on large language models, develop a new lexicon for divisive speech, and

present a framework for assessing the distinctive ways in which presidents speak about their
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political opponents. Applying these tools to a variety of corpora of presidential speeches,

we find considerable evidence that Donald Trump’s speech patterns diverge from those of

all major party nominees for the presidency in recent history. Trump is significantly more

distinctive than his fellow Republicans, whose uniqueness values appear closer to those of

the Democrats. Contributing to these differences is Trump’s employment of divisive and

antagonistic language, particularly when targeting his political opponents. These differences

hold across a variety of measurement strategies, arise on both the campaign trail and in

official presidential addresses, and do not appear to be an artifact of secular changes in

presidential communications.

Then, moving from human-generated to machine-generated language, we develop a frame-

work for evaluating the quality of AI-generated clinical notes by distilling large-scale clinician

feedback into structured, LLM-enforceable checklist items. AI-generated clinical notes are

increasingly used in healthcare, but evaluating their quality remains a challenge due to high

subjectivity and limited scalability of expert review. Existing automated metrics often fail

to align with real-world physician preferences. To address this, we propose a pipeline that

systematically distills real user feedback into structured checklists for note evaluation. Used

with LLM-as-a-Judge, these checklists yield interpretable and auditable criteria, grounded

in human feedback and enforceable by LLM-based evaluators. Using deidentified data from

over 21,000 clinical encounters (prepared in accordance with the HIPAA safe harbor stan-

dard) from a deployed AI medical scribe system, we show that our feedback-derived checklist

outperforms a baseline approach in offline evaluations on coverage, diversity, and predic-

tive power for human ratings. Extensive experiments confirm the checklist’s robustness to

quality-degrading perturbations, significant alignment with clinician preferences, and prac-

tical value as an evaluation methodology. In offline research settings, our checklist offers a

practical tool for flagging notes that may fall short of our defined quality standards.

More broadly in the literature, checklists have emerged as a popular approach for inter-
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pretable and fine-grained evaluation, particularly with LLM-as-a-Judge. Beyond evaluation,

these structured criteria can serve as signals for model alignment, reinforcement learning,

and self-correction. Thus to better integrate our previous pipeline into the broader field,

we develop an open-source library, AutoChecklist, that unifies multiple approaches from

the literature for automatic checklist generation and scoring, supporting the extensibility of

rubric-based evaluation across domains. The library unifies checklist-based evaluation into

composable pipelines, with built-in support for open-source and proprietary LLM providers.

Validation experiments confirm that these checklist methods significantly align with human

preferences and quality ratings, and a case study on ICLR peer review rebuttals demonstrates

flexible domain adaptation.

Finally, we assess the impact of human–AI conversation on voter engagement and reason-

ing around ballot measures. We develop the CivicChats platform, which hosts three chatbot

personas for different modes of deliberation, and conduct controlled user studies to evaluate

the impact of these conversation modes on voter engagement and reasoning. We observe con-

siderable differences in vote distributions across treatment groups, with deliberation-oriented

chatbot conditions yielding user-written rationales that are preferred under Elo-style ratings,

decisive around identified tradeoffs, and re-articulated from their chat interactions.

In the following chapters, we:

• Introduce a suite of metrics for quantifying the uniqueness and divisiveness of political

rhetoric

• Develop a framework for evaluating the quality of AI-generated clinical notes with

checklists grounded in physician feedback

• Release an open-source library that unifies LLM-based checklist generation and scoring

methods for downstream applications

• Conduct controlled user studies and develop methods to assess the impacts of human–

AI conversation on civic decision-making around ballot measures
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Together, these studies demonstrate how abstract qualities of language can still be mea-

sured in the absence of ground truth. We end with a discussion of the implications of this

thesis and its potential future directions.
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CHAPTER 2

QUANTIFYING THE UNIQUENESS AND DIVISIVENESS OF

PRESIDENTIAL DISCOURSE

2.1 Introduction

The rise of the modern presidency is defined, in no small measure, by the chief executive’s

changing relationship to the American public. In what Jeffrey Tulis [Tulis, 1987] calls the

“rhetorical presidency,” modern presidents are expected to routinely stand before the public

in order to explain, persuade, inform, and instruct. How precisely they do so, though, is open

to interpretation. While certain norms of communication govern their behavior, presidents

have a fair measure of discretion to speak as they choose.

When fulfilling their oratory duties, do modern presidents adhere to a common script?

Or do some presidents defy rhetorical conventions and speak in ways that, at least among

themselves, are novel and surprising? Leveraging recent advances in large language models

(LLMs) [Radford et al., 2018], we develop a new quantifier of uniqueness by directly mea-

suring the unpredictability of language patterns. In addition, we incorporate more standard

lexical techniques to examine a prevalent yet understudied construct, divisiveness [Cinar

et al., 2020]. We operationalize divisiveness as language that is intended to impugn and

delegitimize the speaker’s target, and we develop a new lexicon for such speech. Further-

more, we introduce a comparative framework for assessing mentions of opponents, which are

especially prevalent in presidential debates.

We use our proposed tools to analyze large and diverse corpora of presidential speech.

In doing so, we are able to both characterize the overall distinctiveness of presidents’ speech

patterns and examine specific qualities that previous research has overlooked. Moreover, we

can distinguish general speech patterns from those directed towards one’s political opponents.

In nearly all of our analyses, Donald Trump appears as a clear outlier. On the campaign

5



trail, in presidential debates, and in official presidential addresses, we find, Trump’s speech

patterns routinely differ from those of all recent presidents — lending credence to Kurt

Anderson’s observation that, “The version of English [Trump] speaks amounts to its own

patois, with a special vocabulary and syntax and psychological substrate” [Anderson, 2018].

Like previous scholars [Kayam, 2018, Frischling, 2019, Jordan et al., 2019], we find that

Trump tends to communicate in shorter, more simplistic sentences. But whereas previous

quantitative research on presidential rhetoric relied exclusively on lexicons (e.g., [Jordan

et al., 2019]) and sentiment classification (e.g., [Zhong, 2016]), which necessarily disregard

contextual information included in the body of speeches, our methods are able to show that

Trump speaks in ways that are holistically different from all modern presidents. These dif-

ferences are pervasive and large — so much so, in fact, that the observed differences between

Trump and his fellow Republicans exceed those between Republicans and Democratic pres-

idents. Contributing to these differences, we show, is Trump’s tendency to speak in ways

that are especially divisive, particularly when focusing on his political opponents.1 These

findings, moreover, are robust to a variety of measurement strategies, arise across rich and

diverse corpora of texts, and do not appear to be an artifact of secular time trends.

2.2 Data

Our research investigates three genres of political speech: presidential debates in general

elections since 1960, State of the Union (SOTU) speeches since 1961, and a sample of cam-

paign speeches assembled by the American Presidency Project [Woolley and Peters, 1999].

Debates and SOTU speeches are generally standard across presidents and time, so all avail-

1. This finding is consistent with previous research showing that Trump uses language that is explicitly
intended to evoke an emotional response from his revision audience [Hart, 2020], and that Trump’s speech
patterns reveal his autocratic ambitions [Körner et al., 2022], anti-democratic views [Jamieson and Taussig,
2017], a willingness to condone political violence [Ntontis et al.], a commitment to populism [Cinar et al.,
2020], and low levels of analytic thinking [Jordan et al., 2019]. None of these scholars, however, have
developed a lexicon of divisiveness, as we do in this paper.
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able documents are included in our main analyses.2 Publicly available campaign documents,

however, are imbalanced and not comprehensive over the same time frame, so these corpora

are limited to speeches delivered within one month of Election Day in every presidential

election since 2008. Table 2.1 provides summary statistics of the final datasets for which we

present results.3

Figure 2.1 shows the distribution of sentence lengths from each speaker across the datasets.

From the outset, we note that Trump tends to speak in markedly shorter sentences than do

other presidents. Whereas Trump’s sentences range from 10.4 to 14.5 words in the three data

sources, the overall averages range from 17.6 to 24.4 words. And when comparing presidents

within each data source, Trump registered the single lowest number of average words per

sentence among all presidents within debates and campaigns, and the second lowest number

within SOTU addresses.
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Figure 2.1: Distribution of sentence lengths among all speakers, across debates, SOTU,
and campaign data (error bars represent 95% CI). Donald Trump tends to use the shortest
sentences on average.

2. Additional data are used for model training. See §2.3.1 for details.

3. Within these data, Donald Trump spoke in five debates (3,610 sentences), four SOTU addresses (1,471
sentences), and 28 campaign speeches (7,488 sentences) between the years of 2016-2020.
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Table 2.1: Overall statistics of the three data types we use to present our main findings.

DEBATES SOTU CAMPAIGN

# speeches 35 67 187
# sentences 35,096 22,775 36,295
date range 1960-2020 1961-2022 2008-2020
# candidates compared 19 11 6
party ratio (Dem:Rep) 10:9 5:6 3:3
avg. sents/candidate 1,449 2,070 5,701
avg. candidate sent len. 18.76 24.42 17.62
avg. speeches/candidate 3.6 6.1 31.2

2.2.1 Data collection

Each dataset is scraped from the American Presidents Project (APP) database [Woolley and

Peters, 1999]. In general, all text for each speech is scraped and tagged with its speaker. In

addition, some metadata are collected, like the date and title of the speech or document. In

order to properly annotate speakers, particularly in the debate speeches, the speaker’s name

is identified based on a variety of factors like special text styling, string matching, and html

formatting. In addition, audience annotations, like “laughter” and “applause”, are filtered

out from the data to the best of our ability. After scraping, the data are subsampled and

reviewed to ensure quality and correct speaker annotations.

Debates data The Presidential debates data include General Election debates from 1960

to the present day and Primary Election debates since 2000. For the purposes of this analysis,

we exclude primary debates and any general election debates that featured vice-presidential

candidates. Sentences spoken by candidates who were not the nominee for either the Re-

publican or Democratic party are also excluded (e.g., Ross Perot in 1992, moderators, and

audience members).

SOTU data Because we focus on modern presidents, State of the Union addresses from

1961 onwards are used in deriving our main results. The SOTU dataset includes a few
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speeches that are not officially considered State of the Union addresses but functionally

operate as such. Beginning with Reagan, recent presidents have started addressing a joint

session of Congress shortly after their inaugurations. According to the American Presidency

Project, “it is probably harmless to categorize these as State of the Union messages (as

we do). The impact of such a speech on public, media, and congressional perceptions of

presidential leadership and power should be the same as if the address was an official State

of the Union”.4

Campaigns data All campaign documents from 1932 to 2020 are collected initially. We

manually identify keywords that indicate campaign speeches of interest and filter speech titles

based on those keywords. Keywords selected are: “remarks”, “speech”, and “address”. Manu-

ally removed documents include: speeches with reporters, question/answer format speeches,

press releases, town halls, press releases, co-appearances with other politicians and spouses,

etc.

Subsequently, we apply clique filtering to ensure that any duplicate speeches are removed.

It is common that a candidate has a stump speech that is delivered at multiple events, and

to diversify and balance the dataset, we remove such duplicates. These de-duplicated data

are used for model training.

After filtering, our final campaign dataset includes only speeches delivered within the

month before election day and only from candidates since 2008. This smaller subset is used

to generate the results presented in the main paper.

2.2.2 Opponent mention sentence tagging

After each dataset is filtered, sentences are tagged as mentioning an opponent or not through

an automated process. Sentences are classified as definitely including an opponent mention,

4. https://www.presidency.ucsb.edu/documents/presidential-documents-archive-guidebook/a
nnual-messages-congress-the-state-the-union
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possibly including an opponent mention, or not including an opponent mention based on

keywords and the presence of parts of speech. For debates, “opponents” are identified by the

name(s) of the debate partner or their party. After automatically tagging the debates dataset,

the sentences that are labeled as possibly including an opponent mention are manually

reviewed by an expert team of four researchers. The team compares a subset of pairwise

overlapping ratings for consistency. The Cohen’s κ for inter-coder agreement is roughly 0.8,

which indicates substantial agreement.

For SOTU, opponent mentions only include those of other presidential candidates; names

of candidates who never held presidential office are not categorized as mentions of opponents,

in contrast to the debates dataset. Following a manual review of selected speeches from

the SOTU dataset, it is concluded that references to nonpresidential figures are much more

neutral and considerably less frequent in State of the Union speeches than they are in debate

contexts.

For campaign data, we automatically tag opponents using the names of the final party

candidates from the opposing party of the speaker. Opposing-party candidates from the

primaries are not automatically tagged.

The strict guidelines for automatic tagging ensure high precision of the labels. Limitations

of this automatic tagging method include lack of coreference resolution and difficulty of

measuring recall.

2.3 Uniqueness and Divisiveness Metrics

We quantify the uniqueness of political speeches using three complementary approaches: (i)

a novel metric based on LLMs; (ii) a new resource of lexicons for divisive speech; and (iii)

a comparative framework for the portrayal of political opponents involving lexical features.

Together, these three approaches allow for a robust and multifaceted comparison of speech

patterns that involve global assessments beyond lexical comparisons and specific evaluations
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of divisiveness. We introduce the intuition behind each approach below.

2.3.1 LLM-based uniqueness

Large language models, like the GPT family of models, have received widespread attention

for their abilities to statistically characterize the complex structures of natural language

text. LLMs can measure the predictability of text by calculating the likelihood of the next

word or sequence of words in a given context, to produce a measure known as “perplexity,”

which is typically used to evaluate the quality of LLMs [Melis et al., 2018, Chen et al., 1998].

Perplexity metrics have also been used in applications such as modeling psycholinguistic

characteristics, predicting health states from transcripts, and predicting clinician fatigue

[Hao et al., 2020, Colla et al., 2022, Hsu et al., 2025]. To control for tokenization methods

across models, standard perplexity measures can be supplemented with measures of “bits-

per-character” (BPC) [Liang et al., 2022].

Contributing to this literature, we propose a metric of “uniqueness” based on the ability

of LLMs to estimate the probabilities of word sequences, and we then use these estimates

to compare political speech from various presidents and presidential candidates, whether

delivered from the White House or on the campaign trail. Specifically, from a pool of

presidential candidates, we determine how likely the speech of one speaker is to be produced

by the others. A positive value for one candidate’s sentence uniqueness, therefore, suggests

that other candidates are unlikely to say it. The larger this value, the less likely other

candidates are to do so.

While this definition of uniqueness may have similiarity with authorship attribution,

authorship attribution is setup as classification task, not the unsupervised modeling used

in uniqueness [Huang et al., 2025, He et al., 2024]. Stylometry is a related task, involving

quantitative assessment of linguistic features [Lagutina et al., 2019]; uniqueness differs in not

specifying such features but rather learning holistic patterns.
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The advantage of this metric is its consideration of the preceding context of given speech.

Rather than examine words or phrases in isolation, this metric considers the order in which

they appear, and thereby provides a much more nuanced characterization of speech patterns.

The precise meaning of the scores, however, may be difficult to interpret because they do

not reveal the exact features that make a speech distinctive, and because they only allow for

comparisons within a specified pool of speakers.

Language model training and analysis We fine-tune a pretrained, 124M parameter

GPT-2 model using the huggingface [Radford et al., 2019] and PyTorch Lightning [Falcon

and The PyTorch Lightning team, 2019] libraries for each of the three data types, resulting

in three different language models:

• LMdebates, trained on 35 debates (35,096 sentences) from 1960 to 2020

• LMsotu, trained on 246 speeches (69,630 sentences) from 1790 to 2022

• LMcampaign, trained on 640 documents (83,038 sentences) from 1932 to 2020

To preprocess data for training, we parsed each speech into sentences, prefixed each

sentence with the speaker prompt (e.g., “Donald Trump:”, and masked any named entities

(as identified by spaCy NER tagger) with a <ENT> mask.5) We fine-tune each model for

10 epochs on all available corresponding data with a learning rate of 5e-5. Validation with

larger, more recent LLMs is shared in §2.4.1.

BPC/predictability and uniqueness scores Consider a set of presidents or candidates

C = {c1, . . . , cn} who each have a corresponding set of sentences S = {S1, . . . , Sn} where

each set Si = [s1i , . . . , s
m
i ], for each of the three data types.

5. Versions of each model were also trained on unmasked data. The results from these models are
consistent with our main findings and are presented in §A.1.5.
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We use bits-per-character (BPC), also known as bits-per-byte, as a proxy for “predictabil-

ity” of a sentence. Lower BPC values correspond to higher predictability. We use BPC

instead of perplexity or loss directly to account for variation in tokenization techniques.

We calculate BPC as follows. From our fine-tuned models, we are able to obtain loss

values, L(ti) for each token ti in an input. For some sentence of tokens s = (t1, t2, . . . , tk)

where len(s) denotes the number of characters in s:

BPC(s) = 1

len(s)

k∑
i=1

L(ti)

In other words, BPC(s) is the sum of cross-entropy losses of each token in a sentence s,

divided by the number of characters (bytes) in the s. We calculate the BPC(s) of a sentence

s with a context window size of 512 tokens. That is, preceding sentences of the one in

question are provided to obtain the most representative score of its predictability.

We first obtain the BPC of a sentence sji with its original speaker ci as its speaker prompt.

For example, “Donald Trump: Make America great again” is denoted by BPCci(s
j
i ). The

BPC of the same sentence s
j
i with an alternative speaker prompt ck, e.g., “Hillary Clinton:

Make America great again” is denoted by BPCck(s
j
i ). Now, we define a “uniqueness” score

for s
j
i sentence as follows:

SentUniq(sji ) =

 1

|C| − 1

∑
ck∈C\{ci}

BPCck(s
j
i )

− BPCci(s
j
i )

Intuitively, this means that the uniqueness of a sentence is defined as the difference

between its BPC with its original speaker prompt and the average of its BPC scores with

each of the |C| − 1 alternative candidates as a speaker prompt. The greater this difference

is, the higher the SentUniq(sji ) score is, suggesting that sentence s
j
i is most likely to be

said by the original speaker ci and not by the other candidates. Since debates include an
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opponent speaker in the transcript (e.g., Trump vs Biden), we exclude the opponent from the

replacement candidates for sentences from that particular debate (i.e., C \{Trump, Biden}),

to avoid simulating unrealistic debates with only one speaker.

Then, the overall “uniqueness” score for a candidate ci is the average of the SentUniq

scores for each of ci’s sentences in Si:

Uniq(ci) =
1

|Si|
∑
sji∈Si

SentUniq(sji )

Again, the intuition here is that the larger this score, the greater the average difference

is for sentence uniqueness, i.e., overall, speaker ci’s sentences are not likely to be said by

another candidate.

2.3.2 Divisive speech lexicon

To analyze the actual content of language used by presidents and presidential candidates, a

“divisiveness” lexicon is created and applied to each dataset. We define language as “divisive”

if it intends to impugn and delegitimize the speaker’s target, e.g., by attacking their intelli-

gence, integrity, or intentions. Examples of divisive accusations include “racist”, “dishonest”,

“corrupt”, or “ridiculous”. Such labels are expressly designed to put the target on defense

and accentuate differences and distance between parties.

Our definition of divisive is distinct from other commonly analyzed constructs such as

political “polarization”, which encompasses language that is associated more with one side

than the other but is otherwise agnostic about its valence [Simchon et al., 2022]. Meanwhile,

speech may be divisive without being “toxic,” which contains hateful, abusive, or offensive

content [Sap et al., 2021]. Personal attacks can also be categorized as a form of toxic language,

which prior work has examined primarily in the context of online, written communication

[Wulczyn et al., 2017]. Nor is our measure of divisiveness the simple antonym of traditional
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notions of politeness [Brown and Levinson, 1987], which usually involve honoring social

conventions, showing gratitude, paying compliments, avoiding complaints and curses, and

respecting the listener’s autonomy with the use of softening statements and hedges. More

than just impolite or insulting, divisive speech, as we conceive it, is explicitly intended to

serve the political purposes of delegitimization, marginalization, and distancing between

speaker and target.

To the best of our knowledge, ours is the first divisive speech lexicon. This lexicon consists

of 178 words that four researchers independently reviewed to be qualitatively “divisive” in

political speech. A strength of this lexicon-based analysis is its easy interpretability and

applicability. Divisive words may be used by candidates from any political party in a wide

variety of settings, are readily identified, and, as we subsequently show, are broadly agreed

upon by coders. As with all lexical approaches, however, the measure is inherently limited

by the subjective nature of lexical evaluations and the lack of contextual consideration. Our

resource, like all lexicons, by itself does not account for surrounding context like negation or

valence. Strategies like pairing our lexicon with part-of-speech taggers may be leveraged for

downstream tasks.

Implementation details First, a vector space word model is used to populate a list of

candidate divisive words. Then, we review and refine the candidate list through researcher

annotations. The word vector model used is Gensim’s glove-wiki-gigaword-300 [Řehůřek and

Sojka, 2010, Pennington et al., 2014].

Ten seed “divisive” terms are chosen manually by NLP and political science experts as

common politically divisive English terms, before seeing the actual speech data. The ten

seed terms used are: “stupid”, “dishonest”, “unamerican”, “idiot”, “deplorable”, “pathetic”,

“immoral”, “disgrace”, “incompetent”, “foolish”. With these seed terms, 350 additional terms

with the highest cosine similarity in the vector space model are added to the lexicon. Each

of these initial 360 terms is analyzed by four researchers as “divisive”or “not divisive” based
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on the following criteria:

• No modifiers, e.g., “utterly”, “extremely”

• Should not include words that can often be used both divisively and nondivisively

• Should only include words that would be considered divisive in most political contexts

Only words that receive a majority of votes by the annotators are included in the final

lexicon. The final size of the lexicon is 178 words (see Table 2.2).

stupid∗, dishonest∗, unamerican∗, idiot∗, deplorable∗, pathetic∗, immoral∗, disgrace∗,
incompetent∗, foolish∗,irresponsible, shameful, disgraceful, disgusting, hypocritical, idiotic,
unprofessional, ridiculous, despicable, unethical, outrageous, arrogant, inexcusable,
ignorant, shameless, disrespectful, absurd, ludicrous, reprehensible, unconscionable,
scandalous, contemptible, inept, unworthy, appalling, laughable, disingenuous, cowardly,
callous, unjust, indefensible, foolhardy, selfish, preposterous, deceitful, disloyal, ashamed,
illogical, distasteful, naive, heartless, crass, repugnant, sinful, unpatriotic, abhorrent,
obnoxious, childish, thoughtless, stupidity, demeaning, untrustworthy, awful, egotistical,
deluded, dumb, greedy, boorish, barbaric, tasteless, foolishness, cruel, amoral, pretentious,
hypocrite, revolting, reckless, manipulative, nonsensical, idiots, sexist, intolerable,
uncivilized, egregious, duplicitous, undignified, atrocious, corrupt, contemptuous, vile, liar,
vindictive, careless, wretched, hateful, bigoted, bastards, undemocratic, feckless, cowardice,
pompous, mindless, spineless, arrogance, rude, treasonous, vulgar, disgusted, insufferable,
sleazy, fool, perverse, scurrilous, insolent, grotesque, devious, incompetence, buffoon,
unintelligent, undisciplined, odious, insane, liars, depraved, crazy, moronic, uncouth,
petulant, ugly, elitist, frivolous, hypocrisy, dastardly, incapable, tyrannical, fools, heinous,
thuggish, impulsive, detestable, demented, traitor, hypocrites, filthy, conceited, traitors,
loathsome, barbarous, irrational, savages, gullible, obscene, repulsive, delusional, insult,
scoundrel, abominable, deplore, mockery, perversion, bumbling, dopey, inane, nauseating,
brainless, incorrigible, exploitive, gutless, dishonesty, unqualified, conniving, promiscuous,
degrading, racist, ruthless, perverted, diabolical, betrayal

Table 2.2: The 178 words in our divisive word lexicon, which are verified as being divisive
by the majority of 4 annotators. Our original ten seed words are denoted with a ∗.

Annotator agreement Following Mohammad and Turney [2010], in order to analyze how

often the annotators agree with each other, we additionally calculate the percentage of times
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the majority class has size 4 (all annotators agree), size 3 (all but one agree), and size 2

(even split). Table 2.3 shows these agreement values: 58.9% of the 360 initial terms had full

annotator agreement, and 86.7% of these 360 have at least 3/4 annotators agreeing on the

label. When limiting to the 178 terms that at least 3 out of 4 annotators agree are divisive,

69.1% have full agreement on the label (and 100% have majority agreement, by definition).

So, the final terms include primarily instances that have high agreement scores.

Table 2.3: Percentage of majority class annotator agreement on binary labels (divisive? “yes”
or “no”). 58.9% of the 360 initial terms had full annotator agreement, and 86.7% of these
360 have at least 3/4 annotators agreeing on the label. When limiting to the 178 terms that
at least 3/4 annotators agree are divisive, 69.1% have full agreement on the label.

Majority class size (%)
Terms four three two

360 initial 58.9 27.8 13.3
178 final 69.1 30.9 0.0

Since there are four annotators, we calculate Fleiss’ κ for interannotator agreement, as

opposed to Cohen’s κ which is designed for two raters. For the initial 360 terms, we obtain

a Fleiss’ κ of 0.54, which indicates a moderate level of agreement. Discussion of this score

and why it may underestimate true agreement is included in §A.2.5.

Figure 2.2: Conceptual example of how the FW overlap metric is calculated for N = 3.
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2.3.3 References to political opponents

Our analysis further expands upon prior work by culling the subset of sentences that explicitly

refer to political opponents. We specifically examine presidential debates, in which we define

“opponents” here to be either the debate partner or their party. The methodology of tagging

opponent mentions is described in §2.2.2.

Once speech referring to opponents is distinguished, we employ the Fightin’ Words (FW)

method [Monroe et al., 2009] to identify words more strongly associated with opponent men-

tions; we extend this comparison across multiple candidates by calculating the overlap of

each entity’s corresponding word sets with those of all presidents and presidential candidates.

Intuitively, a greater overlap indicates that other candidates use similar rhetoric in opponent

mentions, while a smaller overlap indicates that other candidates do not use similar rhetoric

in opponent mentions. This metric thus provides a novel measure for quantifying a candi-

date’s distinctiveness with respect to their portrayal of opponents by combining lexical and

graph analysis. The results are readily interpretable and clarify the distinctive qualities of

language used to characterize one’s opponent. The metric is similarly constrained by the

pool of candidates and the finite selection of descriptors.

Fightin’ Words overlap metric Monroe et al. [2009] introduce a methodology for lexical

feature selection that calculates odds ratios between of word probabilities between two related

corpora. We use this method with the informative Dirichlet prior to obtain the Fightin’

Words (FW) in a data type for each candidate.

For each candidate s ∈ C, we specifically get the set of FW between the words associated

with their opponent mentions (FWY (s)) versus the set of those that are not (FWN (s)). We

then examine the top-n of these sets respectively, FWn
Y (s) and FWn

N (s). For Y opponent

mentions, we create a graph representation as follows (see Figure 2.2):

• speaker nodes S, where each node corresponds to a candidate
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• word nodes W , where W corresponds to the union of each candidate’s top-n (FWn
Y (s)),

i.e., W =
⋃
s∈C FWn

Y (s)

• edges E(S,W ), where edge e is added between s ∈ S and w ∈ W if w is in FWn
Y (s)

The top-n FW overlap metric (OMn
Y (s)) is then calculated as the

OMn
Y (s) =

1

n

∑
∀w∈FWn

Y (s)

deg(w),

where deg(w) corresponds to the degree of the word node (# edges entering w). Likewise,

for the set of words not associated with opponent mentions, we have

OMn
N (s) =

1

n

∑
∀w∈FWn

N (s)

deg(w).

Equivalently, the overlap metric for s can be thought of as the average number of speaker

sets FWn
Y (ci), ∀ci ∈ C that the top-n words of s appear in. A low OMn

Y (s) indicates that

speaker s uses more distinct language to refer to opponents, while a higher score corresponds

to opponent-referring language that is similar to that of other candidates.

2.4 Results

2.4.1 Donald Trump is unique among all presidential candidates in all types

of speech

LLM-based uniqueness. We start by presenting results based on the LLM-based unique-

ness metric. We find that Trump is the most distinctive speaker in debates and SOTU

speeches (see Figs. 2.3 and 2.4). Additionally, among campaign speeches analyzed from 2008

onwards, Trump speaks in ways that stand apart from all other candidates. By compar-

ing candidate speech patterns aggregated by party, Figure 2.4 shows that Trump is more
19
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Figure 2.3: Average sentence uniqueness for each speaker, across all data types. Higher bars
indicate greater uniqueness, i.e., that speaker’s speech is less likely to be uttered by other
candidates. Trump is the most distinctive speaker among these candidates for debates and
SOTU speeches. Error bars correspond to the 95% CI.

distinctive than his fellow Republicans for all types of speech. Indeed, the observed differ-

ence between Democratic and Republican candidates is minor compared to the gap observed

between Trump and everyone else.

While Trump’s speech is characterized by shorter sentences (Figure 2.1), we confirm that

Trump’s uniqueness is consistent across sentences of all lengths in Figure 2.5. We also note

that Biden has similarly short sentences on average as Trump, but his uniqueness scores

are close in magnitude to those of the other candidates, particularly in debates and SOTU

addresses.

Furthermore, we find that there is minimal correlation between our uniqueness metric and

standard simplicity scores, suggesting that the language model is not conflating uniqueness

with language complexity (see §A.1.2 ).

Further extensions and robustness checks. When aggregating over presidential terms

and years, Trump appears as slightly more distinctive in 2016 than in 2020 for debates,

while his SOTU and campaign speeches increase in uniqueness over the years. Overall, he

remains consistently more distinctive in both election cycles than the other candidates under

consideration (see §A.1.3). Prior to Trump’s first election cycle, there are no clear temporal

20



Dem Rep
(excl.

Trump)

Trump
0.00

0.01

0.02

0.03

S
en

te
nc

e 
U

ni
qu

en
es

s
n=12532 n=11388

n=3610

[DEBATES]

Dem Rep
(excl.

Trump)

Trump

n=12221
n=9083

n=1471

[SOTU]

Dem Rep
(excl.

Trump)

Trump

n=21582

n=5137

n=7488

[CAMPAIGN]

Figure 2.4: Trump’s average sentence uniqueness scores compared to the others aggregated
by party. The number of sentences is denoted on each bar (with error bars representing
95% CI). Trump is significantly distinct from other Republicans. The uniqueness scores of
the remaining Republicans are closer to those of Democrats than with Trump. For SOTU
and campaign speeches, Republicans (without Trump) are less unique than Democrats on
average.
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Figure 2.5: Sentence uniqueness across different sentence lengths, for Trump, all other
Republicans, and Democrats. For debates and SOTU, Trump is consistently more distinctive
across all sentence lengths.

trends to suggest that uniqueness has been increasing over time. Moreover, when comparing

the uniqueness scores of the top decile of unique sentences for each speaker, we again find

that Trump is the most distinctive speaker in all our samples of political speech (see §A.1.4

).

Score validation. The results presented in the main paper are based on the OpenAI GPT-

2 model, which was the state-of-the-art open-source causal language model at the start of

this project [Radford et al., 2019]. We are interested in causal language modeling, i.e., the

predictability of text in a forward sequential manner. Causal language models are more
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Figure 2.6: Overall percentage of words used that are divisive. Trump uses the most words
from our divisive lexicon, in all types of speech.

appropriate for our task of scoring uniqueness, as opposed to masked language models (e.g.,

BERT, RoBERTa) which are designed to predict missing tokens within a sequence based

on bidirectional context (and thus excel at text classification). We validate our uniqueness

metric implementation with other LLMs. Specifically, we recalculate scores with the Gemma-

2B and Phi-1.5 (1.3B) base models [Team et al., 2024, Li et al., 2023]. These models are

considerably larger than the 124M parameters of GPT-2 [Radford et al., 2019]. Like our

original setup up for GPT-2, we further train each model on all available corresponding data

with a learning rate of 5e-5. Each model is trained with LoRA tuning for 15 epochs, using

LLaMA-Factory [Zheng et al., 2024]. As shown in Figure 2.7, while the exact scores differ,

the trends are consistent with the main results: that is, Trump’s speech is the most unique

among the selection of Democratic and Republican presidential candidates.
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Figure 2.7: Validation of the LLM-based uniqueness metric with alternative LLMs. The
resulting trends are consistent with original findings that Trump’s speech is more unique
than other Democratic and Republican presidential candidates.

2.4.2 Trump speaks most divisively

Divisive word lexicon. Leveraging our divisive word lexicon, we measure its usage across

the different types of presidential speech. The frequency of lexicon word appearances is cal-

culated for each candidate across each dataset and is shown in Figure 2.6. Word frequencies

are calculated as the number of times a divisive word from the lexicon is spoken by a speaker

in a given dataset (debates, SOTU, campaign speeches) divided by the total number of words

spoken by the speaker in that in dataset. Both the lexicon words and the speech data are

processed to remove contractions and punctuation. Frequency trends provide a macroscopic

look at the usage of divisive language over time. In §A.2, temporal plots and heatmaps of
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Table 2.4: Top 10 divisive words used by Trump in each type of speech. Raw counts of usage
are denoted in parentheses next to each word.

DEBATES SOTU CAMPAIGN

stupid (14),
racist (14),
disgrace (12),
corrupt (8),
disgraceful (8),
ridiculous (6),
ashamed (6),
stupid (6),
filthy (6),
dishonest (6)

cruel (3),
vile (3),
ruthless (2),
foolish (2),
corrupt (2),
reckless (2),
savages (1),
ugly (1),
outrageous (1),
ridiculous (1)

crazy (135),
corrupt (111),
stupid (69),
dishonest (53),
disgrace (45),
ridiculous (31),
racist (27),
incompetent (25),
stupidity (22),
ashamed (22)

divisive word usage provide a more granular look and do not show strong trends over time.

One common trend shown by the frequency plots for each dataset is Donald Trump’s

relatively high usage of words from the divisiveness lexicon compared to other speakers. In

all three datasets, Donald Trump’s speeches rank highest in divisive word usage compared

to the other candidates analyzed. Examples of Trump’s most frequently used words from

this lexicon usage are shown in Table 2.4. He is most verbosely divisive in debates and

campaign speeches, uttering terms like “crazy”, “corrupt”, and “stupid” with high frequency.

The contexts of debates and campaigns are more combative than SOTU addresses, which is

reflected in the higher levels of divisive language in those two mediums. Table 2.5 contains

a selection of Trump’s divisiveness in context; additional example sentences from various

speakers can be found in the §A.2.

Across all debates and campaign speeches, which are the two corpora with greatest preva-

lence of divisive language, sentences that use divisive words are more unique (see §2.4.4).

The Spearman correlation coefficient between uniqueness and divisive word usage is 0.01 in

debates and campaigns (p < 0.05 in campaigns and p = 0.30 in debates). The weak, positive

correlation suggests that divisiveness amounts to only a small part of the overall uniqueness

of any speech pattern.
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Table 2.5: Example sentences from debates and campaigns, with preceding context, spoken
by Trump that use words from the divisive lexicon. Bolded words are matched with our
divisiveness lexicon.

DEBATES:
Trump: Let me tell you something.
Trump: You take a look at Mosul.
Trump: The biggest problem I have with the stupidity of our foreign policy, we have
Mosul.
—
Trump: I was at a little Haiti the other day in Florida.
Trump: And I want to tell you, they hate the Clintons, because what’s happened in Haiti
with the Clinton Foundation is a disgrace.

CAMPAIGN:
Trump: We’re going to bring back the miners and the factory workers and the steel
workers.
Trump: We’re going to put them back to work.
Trump: The economic policies of Bill and Hillary Clinton have destroyed manufacturing
in your state and throughout the entire country.
Trump: The corrupt Clintons gave us NAFTA.
—
Trump: The fact is, this is the single most important election in the history of our country.
Trump: And sleepy Joe Biden’s made a corrupt bargain.
Trump: You saw the bargain he made, in exchange for his party’s nomination, which he
shouldn’t have gotten because if Pocahontas got out one day early, I’d be running against
Crazy Bernie, which would have been okay, too.

2.4.3 References to political opponents in speech

In addition to examining overall speech patterns, we can also extract the portions that

reference political opponents. Next, we show that Trump is more likely to mention his

political opponents than are other presidential candidates and that when doing so, Trump

uses particularly distinctive language.

Rates of opponent mentions. As one might expect, candidates routinely mention their

opponents in debates and only rarely in SOTU addresses. Overall, rates of sentences that

mention opponents for debates, SOTU, and campaign speeches are 20.60%, 0.83%, and
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6.95%, respectively (see §A.3). Trump has the highest rate of opponent mentions in debates.

Since the opponent mentions are more common in presidential debates, we revisit our

LLM-based measure for the debates to confirm that Trump is not unique simply because he

is more likely to mention opponents. Figure 2.8 shows that the LLM-based uniqueness score

rankings are relatively consistent across opponent and nonopponent mentions. Moreover,

Trump’s language is consistently unique in these debates, whether or not he calls out an

opponent. Concurrently, sentences that refer to an opponent tend to be more distinct than

those that do not (see §2.4.4). And in debates, we additionally find that sentences that men-

tion opponents contain significantly higher frequencies of divisive words. If you are looking

to isolate the distinguishing characteristics of a candidate’s speech patterns, therefore, you

would do well to focus on how they talk about their political opponents.
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Figure 2.8: Uniqueness of speech broken down by opponent mentions, for debates (the error
bars represent 95% CI). Trump is most distinctive regardless of whether he references an
opponent or not.

Fightin’ Words adjective overlap. To identify which adjectives are most strongly as-

sociated with describing opponents for each candidate, we calculate the odds ratios between
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opponent mention sentences and nonopponent mention sentences, i.e., Fightin’ Words (FW)

[Monroe et al., 2009]. After these odds ratios are calculated, we compare the words most

commonly associated with opponent mentions across candidates and calculate an overlap

score. This FW overlap metric for each candidate is calculated as the average number of

speakers who share each of the candidate’s top-n FW adjectives.

Intuitively, the lower the FW overlap score for a candidate, the fewer adjectives that

candidate uses in common with others when describing their political opponents. For ex-

ample, a low FW overlap metric indicates that the words a politician uses most frequently

to describe an opponent are distinct from those of other candidates. From Figure A.12a,

we see that Trump has the lowest FW overlap in debates on average across different top-n

thresholds. Among adjectives that Trump uses in references to opponents, his top-n FW

are consistently distinct for n = 5 to n = 25.6 Figure A.12c ranks the speakers by their

FW overlap score at the top-15 threshold and shows that Trump has the lowest FW over-

lap scores when mentioning opponents (additional top-n plots can be found in the §A.3.2).

Trump has a higher overlap of FW descriptors when not referencing opponents, indicating

that he is more distinctive for how he describes his opponents.

Examples of Trump’s top-25 FW adjectives can be seen in Table 2.6; the left panel

includes language used to describe his political opposition, while the right panel includes

references to his own party and allies. In addition to attacking opponents (e.g., “disgraceful”),

Trump tends to use fairly simplistic adjectives like “massive” and “super”.7

6. There are considerably more sentences of nonopponent mentions, but only looking at top-n FW (across
different thresholds) helps control for that difference.

7. Some of these words, like “radical” and “liberal,” appear in the “polarization” dictionary of [Simchon
et al., 2022]. Taken as a whole though, our divisive word lexicon contains very little overlap with that
dictionary.
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Figure 2.10: Top-15 FW overlap score in debates for each candidate. Trump’s FW associated
with opponent mentions generally have the lowest overlap in adjective usage compared to
other candidates, which is another indication that his language is distinctive.
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Table 2.6: Top-25 FW adjectives said by Donald Trump in debates, either in reference to
opponents or not. Z-scores are provided in parentheses.

Mentions Opponents: Y Mentions Opponents: N

left (2.07), long (1.85), tough (1.80), own
(1.79), ok (1.79), bigger (1.79), worse (1.66),
radical (1.57), super (1.50), real (1.50),
effective (1.47), xenophobic (1.46), liberal
(1.46), disgraceful (1.46), massive (1.33), sin-
gle (1.33), political (1.09), last (1.09), eco-
nomic (1.08), short (1.08), huge (1.04), var-
ious (1.04), red (1.04), upset (1.04), back
(1.04)

good (-3.63), great (-3.25), important (-
2.36), more (-2.08), inner (-2.00), strong (-
1.99), right (-1.84), proud (-1.80), other (-
1.79), expensive (-1.64), old (-1.53), big (-
1.53), better (-1.50), greatest (-1.44), young
(-1.41), sad (-1.41), able (-1.31), much (-
1.31), african (-1.27), fine (-1.27), beautiful
(-1.27), tougher (-1.18), nice (-1.18), least (-
1.12), sure (-1.12)

2.4.4 Relating uniqueness, divisiveness, and opponent mentions

Figure 2.11a shows that in debates and campaign speeches, sentences that use divisive lan-

guage tend to be more unique as well. The Spearman correlation coefficient between divisive-

ness and uniqueness is 0.01 for debates and campaigns (p <0.05 in campaigns and p =0.30 in

debates). For sentences containing opponent mentions in debates, Figure 2.11b shows that

such utterances tend to be more distinctive and Figure 2.11c shows that they tend to have

higher divisive word usage as well. The Spearman correlation for opponent mentions is 0.05

and 0.02 (p <0.05) between uniqueness and divisiveness, respectively.

2.5 Discussion

In this work, we proposed novel approaches to quantify the uniqueness and divisiveness of

presidential discourse. Our results show that whether on the campaign trail, the debate

stage, or the official dais of the House of Representatives, Trump speaks differently from all

modern presidents and presidential candidates. We confirm his distinctiveness for speaking

in shorter, simpler, and more repetitive sentences. We further quantify the uniqueness of his

overall speech compared to that of other presidential candidates. Finally, we demonstrate

that Trump uses language that is more divisive, antagonistic, and explicitly focused on his
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political opponents.

The differences between Trump and other candidates do not appear to be an artifact of

secular communication trends (see §A.1.3), whether in the general coarsening of public dis-

course or the tendency to speak in simpler sentences. Across multiple points of comparison,

observed differences between Trump and other contemporary candidates appear every bit as

large as those between Trump and candidates from the 1960s and 1970s.

Our findings, of course, come with a variety of limitations. The campaign data, for

instance, include samples from only the most recent candidates and exclude certain commu-

nication formats, such as interviews. None of our datasets cover instances when surrogates

(family members, vice presidents, etc.) speak on behalf of a candidate. While other works

have examined Trump’s tweets [Lewandowsky et al., 2020], we do not assess any of his so-

cial media postings for lack of comparable data for other candidates, especially older ones.

Furthermore, our data collection ends at 2022, excluding more recent remarks from Trump

that have been flagged in the media for their escalated divisiveness [Kurtzleben, 2023].

Our research invites a variety of extensions. Given that values of the LLM-based unique-

ness metric can only be understood relative to the elements of a selected sample, future

work would do well to compare Trump to other speakers, such as populist leaders in other

countries. Just as we investigate divisiveness as a new dimension of political speech with

particular resonance for Trump’s rise to power, other scholars might evaluate other dimen-

sions of political speech, such as its analytical sophistication or propensity to endorse racial,

gender, or sexual stereotypes. Additionally, future research might explore the possibility

of contagion effects from Trump’s speech patterns to other political figures, as politicians

periodically emulate and influence one another.

We also recognize that all of our metrics come with tradeoffs, which we have elucidated

throughout this essay. Still, the tools we develop can be applied to a wide variety of settings.

While we use them to compare speech patterns among presidents and presidential candidates,
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they can just as easily be deployed to analyze the language used by any public officials.

And in addition to characterizing overall differences in speech patterns, we illuminate ways

of assessing particular qualities that appear in either stand-alone speeches or interactive

exchanges.

The substantive findings presented herein, moreover, establish the uniqueness of Trump’s

speech patterns, just as they reveal particular qualities that distinguish Trump from all

modern US presidential candidates. More research, of course, is required to map these speech

patterns into larger political strategy. Nonetheless, we conjecture that these qualities broadly

contribute to Trump’s enduring appeal as a populist who unabashedly denounces established

political enemies in a historical period of acute polarization, distrust, and division.
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CHAPTER 3

FROM FEEDBACK TO CHECKLISTS: GROUNDED

EVALUATION OF AI-GENERATED CLINICAL NOTES

3.1 Introduction

Evaluating the quality of AI-generated text is challenging, especially in domains where the

text is highly specialized and requires expert knowledge. This is particularly true in the

medical domain, specifically for AI-generated clinical notes. Automated metrics are scalable

but often misaligned with clinical needs, relying on limited reference notes and penalizing

harmless stylistic differences. Reference-free methods tend to focus narrowly on factuality

[Xie et al., 2024]. Meanwhile, human evaluation by clinical experts is generally high-quality

but costly, inconsistent, and difficult to scale due to subjective preferences and varying

documentation standards across specialties [Wang et al., 2025a, Hanson et al., 2012]. The

diversity of clinical practice makes defining a single set of evaluation criteria (e.g., a rubric)

that applies across all notes difficult [Yim et al., 2023, Wang et al., 2024, Croxford et al.,

2025a].

Checklists are commonly employed in aviation and healthcare, used to improve safety and

quality [Reijers et al., 2017, Chaparro et al., 2019, Brykczynski, 1999, Degani and Wiener,

1993, Haynes et al., 2009] and to guide human- or LLM-evaluators in complex tasks. So, to

address the challenge of evaluating AI-generated clinical notes, we propose leveraging real

user feedback to generate grounded checklists.

For each encounter, clinicians may provide free-form written feedback for the correspond-

ing note. Such user feedback reflects real issues clinicians face with AI-generated notes, pro-

viding valuable insights into the qualities that make a clinical note effective or lacking. By

analyzing this feedback, we can automatically uncover the attributes associated with highly-

rated notes. These qualities can be compiled into structured checklists to effectively evaluate
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clinical notes. The checklist can be used with LLMs-as-a-Judge [Zheng et al., 2023], to au-

tomatically flag notes that are lacking, at scale for checklists that are too long for humans to

evaluate, or to support human evaluation by providing a rubric for the human evaluator to

follow. Thus, we tackle the following research question: can user feedback be systematically

distilled into a note quality checklist?

Figure 3.1: Example checklist questions for the Assessment and Plan section of a clinical
note. The checklist score consists of the proportion of satisfied questions.

To achieve these goals, we propose a method to automatically generate a checklist, given

user feedback. The pipeline involves leveraging user feedback as context, prompting an LLM

for candidate checklist questions, and then applying a series of refinement steps to select for

the most salient questions. Finally, we conduct automatic evaluation of the final checklists,
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with plans for human validation and checking for generalization1. An example of how a

checklist would be used for scoring a note can be seen in Figure 3.1.

Our contributions are as follows:

• We propose a systematic pipeline for generating and refining checklists from real user

feedback, with clear evaluation metrics.

• In our internal offline evaluation, the checklist appears more comprehensive, diverse, and

predictive of human ratings than a baseline (zero-shot) checklist.

• We demonstrate the checklist’s robustness to various quality-degrading perturbations (e.g.,

missing information, poor writing flow and organization, and redundancy and hallucina-

tions) as well as significant alignment with expert preferences.

3.2 Related Work

Clinical note evaluation Guideline or rubric-based evaluation of clinical notes has been

explored in several works [Yim et al., 2019]. Stetson et al. [2012] is a 9-item rubric for medical

documentation quality, a shorter version of the Physician Documentation Quality Instrument

(PDQI) [Stetson et al., 2008]. It is scored on a 5-point Likert scale and has been used to

evaluate AI-generated clinical notes [Amenyo et al., 2025, Croxford et al., 2025b]. Eng et al.

[2024] creates a high-level guideline for medical documentation best practices. Burke et al.

[2014] is another physician-validated medical note rubric. These rubrics often have Likert

scales as answer options, which introduces additional complexity and ambiguity for human

and LLM raters. Rubrics are also difficult to develop and score, due to subjectivity and

variability of practice [Croxford et al., 2025a, Oleson, 2024]. While these existing rubrics

are static, we introduce an approach that is comprehensive of large-scale user concerns and

dynamic to new feedback.

1. Our checklists are not intended for clinical deployment or for altering patient care without clinician
review.
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Other note evaluation works include training reward models [Wang et al., 2025b], or

proposing reference-free evaluation on pre-defined desired attributes (typically factuality-

based) [Kanithi et al., 2024, Xie et al., 2024]. We are the first to propose a checklist-based

evaluation approach grounded in real human feedback.

Checklist generation With the utility of checklists being proven across high-stakes do-

mains [Reijers et al., 2017, Chaparro et al., 2019, Brykczynski, 1999, Degani and Wiener,

1993, Haynes et al., 2009], there is a growing body of work on generating checklists automat-

ically with LLMs [Lee et al., 2025, Cook et al., 2024, Pereira et al., 2024, Wei et al., 2025, Li

et al., 2025]. These works focus on generating checklists specific to individual instructions

or data samples (e.g., a summary or user conversation), rather than generalizable checklists

that can be applied across a corpus of data.

For other clinical applications, Nan et al. [2017] propose a rule-based method for gen-

erating dynamic clinical safety checklists and Zhang et al. [2021] learns optimal checklists

for clinical decision support from a set of predefined binarized features. Checklists have also

been manually developed by experts, for individual medical notes [Savkov et al., 2022] and

generative medical tasks in Chinese [Zhang et al., 2025]. Our work aims to automatically

generate checklists for clinical notes that apply across encounters, checking for items beyond

facts.

Checklist evaluation Wang et al. [2023] propose a method of generating natural language

cluster labels based on a goal; we similarly want to generate checklist questions that cover

a corpus of feedback, based on the goal of evaluating note quality. Our feedback coverage

methodology is loosely inspired by their Propose-Assign-Select framework. Guo et al. [2024]

define a testbed of global perturbations to assess metrics for plain language summarization;

we draw from these criteria to form our own perturbation benchmark.
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Checklist-based evaluation with LLM-as-a-Judge LLMs are increasingly used as au-

tomatic evaluators, due to their ability to handle nuance and scale. In particular, LLM-

evaluators (or LLMs-as-a-Judge) are used to evaluate the quality of another LLM’s genera-

tions. However, LLM-evaluators have been shown to contain biases like increased position

bias with more answer candidates [Ye et al., 2024], leading us to choose a binary checklist-

based evaluation approach.

Works like Goldberg et al. [2024] use LLMs to evaluate compliance with a pre-existing

checklist, and many others have explored checklist-based evaluation with LLM-as-a-Judge for

a variety of tasks [Lin et al., 2024, Que et al., 2024, Chu et al., 2025]. It has been extensively

demonstrated that checklists can be used to improve the reliability of LLM-evaluators and

agreement with human judgments [Lee et al., 2025, Pereira et al., 2024, Cook et al., 2024,

Wei et al., 2025, Li et al., 2025].

3.3 Data

We leverage a mix of proprietary data (user feedback and note ratings) from a commercial

Ambient AI company and open-source datasets (clinical notes).

Feedback Rating

“Does not capture all the key clinical details discussed during the visit” 2
“Prefer past tense” 4
“Could benefit from clearer summary and clinical reasoning” 3
“Covers everything I would have wanted to see” 5

Table 3.1: Example synthetic user feedback and star ratings.

3.3.1 User Feedback

We retrieve approximately 22,000 encounters with user feedback of > 2 words, non-null (1-5)

star ratings. Table 3.1 provides some synthetic examples. The user feedback is free-text,
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and the star ratings are on a scale of 1-5, with 1 being the worst and 5 being the best; these

are obtained from real users of an Ambient AI company that scribes clinical encounters and

generates clinical notes. We specifically filter for feedback that is relevant to note quality and

content, as opposed to other issues like recording or EHR integration. We use an internal

tool to determine the relevant note section (e.g. ASSESSMENT AND PLAN) for each piece

of feedback and only keep the relevant feedback for each section.

3.3.2 Human Preference Ratings

We also have access to 506 pairs of note sections with internal preference ratings, which

are rated by clinical experts within the company. These pairs of notes have at least two

raters agreeing on the preferred note in a pairwise comparison. Each sample of this dataset

contains the transcript of the encounter and the pair of notes for the section being rated,

with the preferred note being marked.

3.3.3 Reference Notes: ACI-bench

We use 207 reference notes and transcripts from ACI-bench [Yim et al., 2023]. Each note

contains four sections, corresponding to the sections our user feedback is tagged with in

parentheses:

• SUBJECTIVE (HPI_Subjective) includes items taken during verbal exam and typically

written in the chief complaint, history of present illness, and past social history.

• OBJECTIVE EXAM (Physical Exam or PE) includes content from the physical exami-

nation on the day of the visit.

• OBJECTIVE RESULTS (Results) includes diagnostics taken prior to the visit, including

laboratory or imaging results.
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Figure 3.2: Proposed end-to-end pipeline.

• ASSESSMENT AND PLAN (AP) includes the doctor’s diagnosis and planned tests and

treatments.

In cases where certain sections are missing, an EMPTY flag is used as the content. We

utilize these reference notes to calculate pass rates/checklist scores, generate perturbed notes,

and create unit tests.

3.4 Pipeline & Implementation

We start with some definitions:

• Checklist question: a question that can be answered with “Yes” or “No”; specifically,

the question is designed to be answered with “Yes” if the note meets a desired criteria of

good clinical note.
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• Checklist: a series of checklist questions that can be used to evaluate a clinical note.

• Passing (a question): if a note scores “Yes” for the checklist question.

• Checklist score: for a note and a checklist, the proportion of the checklist questions that

pass.

To streamline the evaluation process and make checklists more easily comparable, we

make several simplifying assumptions:

• We focus on the Assessment and Plan (AP) section of the notes, since it is a key component

of clinical notes and all encounters should have this section. However, our proposed

methods can be extended to other note sections.

• Checklist questions must be answerable w/ “Yes” or “No” for all encounters, i.e., no “N/A”

answers allowed.

• Questions should be answerable given only transcript and the specified note section.

• Checklists should be concise, to be easily processable by humans.

Figure 3.2 shows the proposed pipeline2. We will go over generation (§3.4.1) and refine-

ment (§3.4.2) of the checklist questions below. See §3.5 for details of the final checklists, and

§3.6 for evaluation.

3.4.1 Checklist Generation Methods

We generate candidate checklist questions for each note section separately. Appendix §B.1

contains the prompts used for generating checklists.

2. This pipeline is illustrative, uses de-identified data, and remains subject to further validation.
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Baseline: We prompt a LLM with the instruction to generate candidate checklist ques-

tions, without any feedback or specified guidelines (zero-shot). This baseline is designed to

isolate the contribution of clinician feedback. We chose not to adapt prior rubrics such as

Stetson et al. [2012] or Burke et al. [2014] since they are Likert-style and not directly compa-

rable to binary checklists without careful redesign, and having a clinical expert draft checklist

questions from scratch has proven non-trivial and time-consuming, due to the subjectivity

and exhaustiveness of the task.

With Feedback: We prompt a LLM with the feedback corpus and the instruction to

generate candidate checklist questions. Because there is more feedback than can fit in the

model’s context window, we split the feedback into batches. Questions are confirmed to be

written such that a “Yes” answer corresponds to a good clinical note; if not, the LLM rewrites

them in the correct direction.

3.4.2 Checklist Refinement

Once we have candidate checklist questions, we conduct several steps to filter out undesirable

questions, based on our criteria in §3.4. The refinement steps, which are detailed below,

include:

1. De-duplicating redundant questions.

2. Tagging for generally applicable and section specific questions.

3. Dropping questions that are not LLM enforceable.

4. Selecting a final subset optimized for feedback coverage and diversity.

Redundant Questions We obtain embeddings of each question, using text-embedding-3-large,

and then calculate the cosine similarity between each pair of questions. We build a graph
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where each question is a node, and an edge exists between two questions if their cosine simi-

larity is ≥ 0.85 (this threshold is chosen from manual inspection of clusters). Each connected

component of the graph is a cluster of similar questions, while isolated nodes are unique ques-

tions. For each cluster, we prompt gpt-4o to generate a single question consolidating the

similar questions.

Tagging for applicability and specificity We keep only questions that are applica-

ble to general encounters, ensuring that they are answerable with a simple “Yes” or “No”

for all encounters, without allowing for “N/A” responses. Additionally, we flag questions

that reference other note sections, retaining only section-specific questions. This ensures

that questions are answerable using only the transcript and the specified note section. For

example, when tagging for applicability, we drop questions like “Is there a comprehensive

assessment and plan for all chronic conditions discussed, ensuring nothing important is omit-

ted?” For section-specificity, we flag questions like “Is there a clear separation between the

history of present illness (HPI) and the action plan to ensure there is no overlap?” since

they would require access to the HPI section to answer. To implement this, we prompt the

o3-mini model to tag each question using a zero-shot, chain-of-thought (CoT) approach.

LLM Enforceability We want to ensure that the questions are answerable by LLM-

evaluators. Thus, we define enforceability unit tests: mini-benchmarks of 10 reference

notes per checklist question that pass the question criteria, where each reference note is then

rewritten to fail the criteria. A unit test is “passed” if the rewritten note receives a score of

“No” for the question. By doing this, we can select the checklist questions that are actually

enforceable by LLMs.

We measure the enforceability rate for each checklist question, which is the proportion of

rewritten notes that correctly fail the criteria, which is then averaged across all questions into

a single enforceability score for the checklist. The 10 reference notes in each question’s
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mini-benchmark are selected randomly among all the ones that pass the question. We

prompt gpt-4.1-mini to rewrite the reference notes to fail; see §B.1.3 for the prompt used

to rewrite the reference notes to fail the checklist questions. For example, if the checklist

question is “Does the note use the correct pronouns?” and the reference note uses “she”, then

the note could be rewritten to use “he” to fail the criteria. Post-processing is done to ensure

only the rewritten note is produced, i.e., no explanations3. We discard questions with an

enforceability score below a threshold of 0.7.

Optimal subset of questions for feedback coverage and diversity The final refine-

ment step selects an optimal subset of checklist questions that maximizes coverage of user

feedback while minimizing redundancy and checklist length. Coverage is defined as whether

each feedback is supported by each question, and it is measured by the assigner LLM, with

the prompt defined in §B.1.4. We obtain a “coverage matrix”, where (i, j) value is 1 if ques-

tion i covers feedback j, and 0 otherwise. Total coverage rate C, is the sum of the coverage

matrix divided by the number of feedback items.

To avoid redundancy, we also want feedback diversity among the checklist questions’

coverage sets. For questions i and j with covered sets of feedback Fi and Fj , we define the

similarity Sij of the feedback items covered by questions i and j as their Jaccard similarity,

i.e., Sij = |Fi∩Fj |/|Fi∪Fj |. Then for a checklist of n questions, we can define the diversity

of question i as one minus its average similarity with all other questions:

Di = 1− 1

n− 1

n∑
j=1,j ̸=i

Sij

Total diversity D is the average of the diversity of all questions.

Since we also want to avoid overly length checklists, we also add a weight λ for penalizing

3. Manual verification of 50 pairs of notes spanning 27 different checklist questions has yielded a 90%
validation rate (rewritten notes that correctly fail); the remaining 10% of rewritten notes are still of inferior
quality (missing/inaccurate details), but do not necessarily fail the criteria of the question.
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length. Finally, for a checklist of k questions, we can define a objective score to balance

coverage and diversity of a checklist, given α as the weight:

Score(k) = α · C + (1− α) ·D − λ · k

We can then use beam search to select the optimal subset of k questions.

Figure 3.3 shows the α values for the objective function, where α is the weight of the

coverage term. We select a final α value of 0.5, since it provides balance between coverage

and diversity.
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Figure 3.3: α values for the objective function, where α is the weight of the coverage term.
The α value is set to 0.5 for the final checklists, since it provides balance between coverage
and diversity.
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Metric Baseline
(n = 10)

Feedback
(n = 20)

Coverage ↑ 0.978 0.987
Diversity ↑ 0.897 0.923
Intra-cluster Dist ↓ 0.670 0.667
Inter-cluster Dist ↑ 0.061 0.080
LLM enforceability ↑ 0.82 0.89

Table 3.2: Evaluation of the final checklists, with respect to feedback coverage, diversity,
and LLM enforceability. Diversity is additionally evaluated by intra-cluster and inter-cluster
distances. The feedback checklist beats the baseline checklist in each category.

3.5 Results

3.5.1 Generation and Refinement

The ~7700 feedback items for the AP section are randomly split into 8 batches of approxi-

mately 900-1000 items each. 97 candidate checklist questions are generated from this set of

feedback.

Filtering out redundant questions and tag for applicability and specificity results in 50

questions. For example, the questions “Is the assessment and plan section well-organized

and clearly separates different medical issues or diagnoses?” and “Is the assessment and plan

organized in a way that is easy to read, with distinct separation between different patient

problems?” are clustered and merged into a single question: “Is the assessment and plan

section well-organized with clear separation of medical issues or diagnoses?”

These 50 questions are then evaluated for LLM enforceability. We find that 36 ques-

tions have a unit test threshold of at least 0.7, and we discard the remaining 14 questions.

Such discarded questions include: “Is unnecessary and speculative language avoided in the

assessment and plan section?” The average enforceability score for the remaining questions

is 0.9.

Finally, we select a subset of k questions that maximize coverage and diversity. Setting
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α = 0.5 and λ = 0.0005, we find that k = 20 provides the optimal balance of coverage and

diversity with length of the checklist (see Figure 3.4).
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Figure 3.4: Objective score (coverage and diversity) vs. length of checklist. k = 20 is the
optimal number of questions.

3.5.2 Checklist Questions

Following our refinement steps, we obtain a final checklist of 20 questions. Our checklist

is compared against a baseline checklist of 10 questions. These checklists are intended for

quality assessment, not reimbursement or coding optimization; additional audit measures

are required to prevent misuse.

Baseline Checklist for AP (n = 10)

1. Does the section include a clear and concise diagnosis or differential diagnosis for each

problem?

2. Are the rationale and evidence for each diagnosis clearly documented?
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3. Does the section provide a detailed plan for addressing each identified problem, including

specific treatments and interventions?

4. Are follow-up plans and timelines specified for each problem?

5. Does the section mention any need for additional diagnostic testing or referrals?

6. Is patient education or counseling regarding the diagnosis and treatment plan docu-

mented?

7. Is there documentation of the patient’s or caregiver’s understanding and agreement with

the plan

8. Does the section include considerations for any comorbid conditions that may affect the

management of the patient’s problems?

9. Is there documentation of any medication changes, with reasons provided for each change?

10. Are potential risks and benefits of the treatment plans discussed?

Feedback Checklist for AP (n = 20)

1. Is the assessment and plan section organized in a clear and concise manner, such as using

bullet points instead of paragraphs where appropriate?

2. Is the assessment and plan section comprehensive, covering all relevant patient issues

discussed during the visit?

3. Are diagnoses and plans consistent with the patient’s reported issues and clinical findings?

4. Does the assessment and plan section include the main diagnosis and relevant additional

diagnoses?

5. Is there sufficient detail in the assessment and plan to reflect patient-specific nuances

discussed during the visit?
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6. Does the assessment and plan section include only relevant clinical reasoning and plan

details, without repeating history of present illness (HPI) information or subjective patient

statements?

7. Are diagnoses prioritized correctly according to the main reason for the visit?

8. Is the assessment and plan based on information that is discussed or agreed upon with

the patient?

9. Are all relevant diagnostic and management details, such as medication names, doses,

and follow-up plans, accurately captured in the assessment and plan?

10. Does the assessment and plan include a summary of the patient’s current clinical status,

such as stable or unstable?

11. Is the assessment and plan section free from incorrectly attributing patient statements to

physician recommendations or vice versa?

12. Does the assessment and plan section include follow-up actions or recommendations dis-

cussed during the patient encounter?

13. Is the assessment and plan free of extraneous information, ensuring that only details

relevant to the current diagnosis and treatment plan are included?

14. Are diagnoses in the assessment and plan section consistent with the clinical discussion

and relevant to the specialty?

15. Is there a clear distinction between the patient’s reported symptoms and the physician’s

assessments or recommendations?

16. Are the goals of treatment and expected outcomes clearly stated in the assessment and

plan?

17. Is the assessment and plan section clear, concise, and free of redundancy?
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18. Does the assessment and plan document treatment options and decisions discussed during

the visit?

19. Is all relevant medication information, including names, dosages, and frequency, accu-

rately documented in the assessment and plan?

20. Is medical terminology correctly and consistently used in the assessment and plan section?

3.6 Evaluation

We then evaluate the utility of the final checklist, using the following suite of evaluation

metrics:

• Scores for feedback coverage, feedback diversity, and LLM enforceability.

• Predictive power of the checklist questions.

• Robustness against perturbations.

• Correlation with human preference ratings.

3.6.1 Feedback Coverage & Diversity and LLM Enforceability

Following the definitions given in §3.4.2, we can measure the coverage, diversity, and LLM en-

forceability of our checklist questions compared to a baseline checklist. We additionally evalu-

ate diversity by embedding the feedback covered by each question (using text-embedding-3-large),

and then minimizing intra-cluster distances among questions and maximizing inter-cluster

distances between question clusters. Intra-cluster distance is defined as the average distance

between all feedback items covered by a question, and inter-cluster distance is defined as

the average distance between the centroids of the clusters of feedback items covered by each

question.
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Our checklist has better feedback coverage and diversity and is more LLM en-

forceable than the baseline checklist, as shown in Table 3.2. The feedback checklist has

a coverage of 0.987 and a diversity of 0.923, compared to the baseline’s coverage of 0.978

and diversity of 0.897. The feedback checklist also has a lower intra-cluster distance and

a higher inter-cluster distance than the baseline checklist, indicating that it covers a wider

range of feedback items while avoiding redundancy. Our feedback checklist also obtains a

higher enforceability score, i.e., it is more answerable by LLMs. From Figure 3.5, we see

that the baseline checklist has an average unit test scores of 0.82 over 10 questions, while

the feedback checklist has an average unit test score of 0.89 over 20 questions.

Figure 3.5: The enforceability score of each checklist question, indicating how LLM enforce-
able each one is. The feedback checklist has both a greater quantity of perfectly enforceable
questions and a higher average rate of enforceability.

3.6.2 Predictive Power

We measure the predictive power of the checklist questions by using them as features to

predict the star ratings of the notes. We can do this by training a classifier on the feedback
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data, where the input is the feedback and the output is the star rating of the note. The

checklist questions are used as features for this task, with the mapping of the input to features

as the coverage matrix from §3.4.2. For simplicity, we set up the task as a binary classification

task, by using data with star ratings of 1 as negative and 5 as positive (1113 and 680 samples

respectively). We then train a Logistic Regression model with 5-fold cross-validation on 80%

of the feedback and test with the remaining 20%.

Our checklist has better predictive power than the baseline checklist as well. Our

feedback checklist yields a higher accuracy of 0.70 for predicting the star ratings of the

notes, compared to 0.62 for the baseline checklist. We also find that our feedback checklist

has a higher macro F1 score of 0.63, compared to 0.43 for the baseline checklist. This

indicates that the feedback checklist is better aligned with the star ratings of the notes.

Name Description Section # Notes

delete_sentence delete random sentences from each section All 207
delete_section remove a whole section of the note All 207
repeat_sentence repeat random sentences in each section All 207
coherence_shuffle shuffle sentences within each section All 207
section_shuffle shuffle sentences across sections All 207
irrelevant_sentence insert irrelevant sentences (e.g., from other notes) All 207
prm_inaccuracy errors involving incorrect info or unsupported topics AP 67
prm_hallucination introduce unrelated subject entities AP 67
prm_unhelpful introduce vague, confusing, or incomplete expressions AP 67
prm_incomplete_step randomly removing specific steps from A&P AP 67
prm_paraphrase Gemini Pro 1.5 paraphrased note sections AP 67

Table 3.3: Descriptions of the perturbed notes for evaluation. The number of notes is
the number of reference notes that were perturbed with each perturbation. Perturbations
beginning with prm are from Wang et al. [2025b]

3.6.3 Robustness against Perturbations

As described in §3.3.3, we leverage ACI-bench notes as a set of reference notes that are

of good quality. We then define a set of perturbations, i.e., transformations, that can

be applied to the reference notes, to simulate poor quality notes. We are inspired by the
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Figure 3.6: The feedback checklist has a higher perturbation ∆ than the baseline checklist.
It is more robust against perturbations, particularly for missing information, organization,
and redundancy/hallucination.
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perturbations defined by Guo et al. [2024] for our use case, though we implement our own

methods. We also use data from Wang et al. [2025b] as perturbed versions of AP note

sections. Specifically, we apply each of the following perturbations in Table 3.3 to the

reference notes. With this benchmark, we can measure the robustness of our final checklists

against changes in informativeness, coherence, and factuality. After scoring the reference

notes and the perturbed notes with the checklist, we can measure the robustness of the

checklist against these perturbations.

For a checklist question, we define its Perturbation Delta (∆) as the score of the

perturbed note subtracted from the score of the reference note, averaged over all notes.

Since a perturbed note should score lower than the reference note, ∆ should be larger for

more robust checklist questions. We can then measure the robustness of the full checklist by

measuring the average ∆ across all questions.

Our checklist is significantly more robust against perturbations than the baseline

checklist. As shown in Figure 3.6, the feedback checklist has an average perturbation ∆

of 2.26, compared to 0.91 for the baseline checklist. The ∆’s are significantly greater than

0 for all perturbations (p < 0.001, one-sample t-test). In contrast, the baseline shows no

significant change for the repeat_sentence and coherence_shuffle perturbations. We also

confirm that most ∆’s are significantly larger for our feedback checklist than the baseline,

with p < 0.05 for a two-sample t-test and a large effect size (Cohen’s d = 2.94).

Our checklist is particularly robust to perturbations like delete_sentence and delete_section,

which are designed to simulate missing salient information. Furthermore, our checklist is

more sensitive to perturbations like section_shuffle and coherence_shuffle, which are

designed to simulate poor writing flow and organization. repeat_sentence and irrelevant_sentence

are also detected by our feedback checklist, but not by the baseline checklist, suggesting that

our feedback checklist is better at detecting redundancy and hallucination errors in the notes.

We also see that our feedback checklist produces a higher average score for the reference
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notes than the baseline checklist (Figure 3.7).

Figure 3.7: The feedback checklist has a higher average score for the reference notes than
the baseline checklist.

3.6.4 Correlation with Human Preference Ratings

We use 109 unique pairs of preference ratings for the AP section for our evaluation. For

each note pair, we compute the checklist score for each note. We then aggregate the scores

for the ranked notes and check for statistical significance. Ideally, the preferred note should

have a higher checklist score than the non-preferred note.

Our checklist is significantly correlated with human preferences compared to the

baseline checklist (see Figure 3.8). That is, our checklist produces a significant difference

(p ≤ 0.05 from a paired t-test) in scores between the preferred and non-preferred notes, with

prefered notes having the higher score. The baseline checklist does not produce a significant
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difference in scores between the preferred vs. non-preferred notes.

Figure 3.8: Correlation with human preference ratings is significant for our checklist (p ≤ 0.05
from a paired t-test, Cohen’s d = 0.28), but not for the baseline.

3.7 Conclusion

In this work, we propose a method to automatically generate a checklist for evaluating

clinical notes, based on real user feedback for notes produced by a commercial Ambient

AI company. We show that our generated checklists have more desirable properties than a

baseline checklist, and we define a series of evaluation metrics to assess the quality of the

checklists. In particular, we show that our checklists are comprehensive, diverse, predictive

of human ratings, and aligned with expert preferences.

Our approach addresses a critical need in healthcare AI for scalable, clinically-grounded

evaluation. By systematically distilling feedback from over 21,000 real clinical encounters,

we demonstrate that user concerns can be transformed into actionable evaluation criteria.

The resulting checklist serves as an interpretable, enforceable tool that can flag potentially

problematic notes while maintaining transparency about evaluation criteria.

This work demonstrates the practical value of leveraging large-scale user feedback to
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create evaluation tools for deployed AI systems. Our pipeline provides a systematic approach

to convert real user feedback into structured evaluation criteria, offering a scalable alternative

to purely manual review while preserving clinical input and oversight.

Future Work

Future work includes scaling the pipeline to additional note sections and domains, imple-

menting dynamic and more robust feedback filtering, and incorporating advanced evaluation

methods such as feature importance analysis, human studies, and improved LLM-evaluator

reasoning to further refine and validate the checklists. Some evaluation metrics, like feedback

coverage/diversity and LLM enforceablity, can be incorporated into the checklist refinement

pipeline, to help select for the most salient questions. This would allow the refinement

process to be more iterative.

Scaling the Pipeline We would like to scale the pipeline to generate checklists for other

note sections. We would also like to implement a dynamic pipeline, where the checklist is

updated as new feedback comes in. This would allow us to continuously improve the checklist

and adapt it to changing user needs.

Additional Feedback Filtering The feedback we receive is often unstructured and noisy.

There is a lot of redundancy in the feedback, and not all of it is actionable. So, we can apply

additional filtering steps to the feedback, such as grouping by specialty, filtering out un-

actionable feedback, and clustering similar feedback.

Question Importance for Predicting Human Ratings We can further identify ques-

tions that have the greatest influence on performance, using feature importance measures

like SHAP values [Lundberg and Lee, 2017]. These values can also help assign priority to
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the order of questions in the checklist, so that the most important questions are asked first

or given more weight in the final checklist score.

Human Evaluation To validate the quality of our checklists, we will run human evalua-

tion. Some potential user studies include:

• Pairwise preference of checklists (e.g., rate baseline vs. feedback checklist questions)

• Have physicians conduct evaluation of real deployed notes using checklists, and see if

there is higher agreement between raters compared to evaluationg without a checklist

Generalizability To show the generalizability of our checklist generation method, we

would like to apply it to some alternate domain. We are still brainstorming what dataset(s)

we could use for this. Requirements of the data include user feedback and ratings for some

product that should fulfill certain standards.

Tuning a LLM-evaluator We can further try tuning LLM-as-a-Judge specifically for our

task of checklist scoring. While the current setup simply has the LLM-evaluator produce a

“Yes”/“No” answer for each checklist question, we can also allow the LLM to reason about the

note and checklist question and provide a more detailed explanation of its score. Allowing

the evaluator to cross-validate the note with structured EHR data could enhance accuracy

by catching factual inconsistencies that text-only evaluation misses.

Limitations

Our pipeline makes several simplifying assumptions, such as excluding "N/A" answers and

cross-section comparisons, which may limit the scope and nuance of the resulting checklists.

Checklist coverage is inherently limited by the content of user feedback; e.g., if there are no

complaints about pronoun usage, there may not be a checklist question about using correct
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pronouns. Checklist questions that favor comprehensive notes may penalize concise ones

that are still clinically sufficient, such as in time-sensitive settings like emergency care. Our

methodology could be adapted for these specialties by filtering for specialty-specific feedback,

as well as for other contexts (e.g., multi-provider notes).

Our current setup treats all checklist questions with equal weight, and though this assess-

ment is inherently subjective, we acknowledge that clinical significance varies across check-

list items. Weighted scoring could be implemented automatically (e.g., Wei et al. [2025])

or added during clinical review of the rubric as a post-hoc step, without redesigning our

existing methodology.

We rely heavily on LLMs in our pipeline and evaluation, which introduces its own set of

challenges. When using LLMs-as-a-Judge, there is a lack of ground truth labels to determine

whether clinical notes satisfy checklist questions, such as for ACI-bench notes. Exhaustive

evaluation is difficult, since each checklist question can be a substantial problem on its own.

As such, our current metrics are not exhaustive. Finally, we rely on proxies for positive

signals, such as internal pairwise preference data, though these proxies also have their own

limitations (e.g., poor agreement between raters, though we mitigate this by selecting pairs

with at least two raters in agreement).

3.8 Ethical Considerations

Our work involves the use of clinical note data and user feedback for the purpose of building

automated evaluation pipelines. All proprietary data used in this work, such as user feedback,

star ratings, and clinical note content, is handled in compliance with applicable data privacy

policies and HIPAA regulations. All PHI is de-identified in accordance with HIPAA safe

harbor standard before model training and evaluation; no direct identifiers are transmitted

outside the covered environment.

Our checklist is designed as a scalable triage tool, not a replacement for clinical judg-
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ment. Our generated checklists are designed to be interpretable and transparent, but further

validation with practicing clinicians is necessary before clinical deployment. Clinicians can

review the finite set of criteria, after which the checklist can be applied at scale to flag notes

for expert attention. We acknowledge that LLM outputs may introduce subtle errors or

biases, and we flag this as an area for continued validation. In production, the checklist

will be part of a much larger evaluation suite that involves human and clinician oversight at

different stages, not to be used as a single criterion for decision making.
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CHAPTER 4

AUTOCHECKLIST: COMPOSABLE PIPELINES FOR CHECKLIST

GENERATION AND SCORING WITH LLM-AS-A-JUDGE

4.1 Introduction

Checklists decompose quality into individually verifiable criteria, with simple yes/no answers

that bypass position bias of pairwise comparisons and subjectivity of scalar metrics with

LLM-as-a-Judge [Ye et al., 2024]. As a result, checklists offer interpretable and fine-grained

evaluation of text quality, making them an effective tool for evaluation with LLM evaluators

[Cook et al., 2024, Viswanathan et al., 2025, Wei et al., 2025, Zhou et al., 2025].

Several checklist generation methods have been proposed in recent work (see §4.2), each

with distinct codebases, prompting strategies, and scoring mechanisms. These approaches

differ along several axes: scope of checklist questions, inclusion of a reference response in

checklist generation, unweighted vs. weighted scoring, and question refinement steps, if any.

No existing toolkit provides a unified interface across these methods, making it difficult to

compare or extend them for new tasks without significant re-implementation.

To address this, we develop AutoChecklist, an open-source Python library that consol-

idates common checklist approaches into composable pipelines. At its core is a taxonomy of

five checklist generation abstractions, each encoding a distinct strategy for deriving evalu-

ation criteria. A modular Generator → Refiner → Scorer pipeline connects any generator

with a unified scorer, and new configurations can be registered via prompt templates alone.

We additionally validate the utility of the library (§4.5) and demonstrate its effectiveness in

a new domain (§4.6). Our contributions are as follows:

• A taxonomy of five generator abstractions (direct, contrastive, inductive, deduc-

tive, and interactive) that organizes checklist methods by their strategies for producing

evaluation criteria.
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Figure 4.1: In the Compare page of AutoChecklist’s UI, users select methods and enter an
input to generate side-by-side checklists, enabling direct comparison of generation strategies
on the same task.

• A framework of composable pipelines: ten built-in configurations implementing pub-

lished methods, compatible with a unified scorer that consolidates three scoring strategies

from the literature. Users can customize these pipelines to new tasks via Markdown

prompt templates alone.

• A pip-installable Python package with multiple usage modes, including a CLI for

off-the-shelf evaluation with pre-defined pipelines.

• Multi-provider LLM backend support for OpenAI, OpenRouter, and vLLM (includ-

ing VLLMOfflineClient for local GPU inference), and automatic handling of structured

output.

• A locally hosted user interface supporting most package functionality, allowing for
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interactive prompt customization, pipeline configuration and comparison (e.g., Figure 4.1),

and batch evaluation.

AutoChecklist is publicly available at https://github.com/ChicagoHAI/AutoCheckl

ist.

4.2 Related Work

Checklist Generation & Evaluation. Checklist-based evaluation with LLM-as-a-Judge

has been leveraged for a variety of tasks and benchmarks [Lin et al., 2024, Que et al.,

2024, Qin et al., 2024]. A common evaluation setup is to generate a checklist per input-

output pair, such as for a user query and LLM response. Checklist generation can either

use zero- to few-shot prompting to generate yes/no questions from the input alone, or by

incorporating a reference and/or alternative response samples Cook et al. [2024], Wei et al.

[2025], Viswanathan et al. [2025]. Other methods aim to derive a shared checklist from

corpus-wide signals. These signals are either pre-defined by humans and then processed

into granular criteria, or extracted from brainstorming or feedback items into structured

checklists Lee et al. [2025], Chu et al. [2025], Zhou et al. [2025]. These methods often involve

multiple steps to refine the initial checklist questions, such as through deduplication, filtering,

or elaboration.

Despite their differences, all of these methods share a common structure: generate criteria

from an input, optionally refine them, then score a target response. AutoChecklist builds

on this shared structure. We identify five generator abstractions, each encoding a distinct

reasoning strategy, and factor them into interchangeable generators, refiners, and scorers

within a single library. To our knowledge, this is the first unified toolkit for LLM-based

checklist generation.
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Utility of Checklists. Beyond evaluation, structured criteria serve as signals for align-

ment and reinforcement learning [Viswanathan et al., 2025, Siro et al., 2026, Dineen et al.,

2025, Yang et al., 2026] and self-correction [Wan et al., 2026]. However, Furuhashi et al.

[2025] find that checklists are not consistently useful and highlight the need to more clearly

define objective evaluation criteria. AutoChecklist aims to lower the barrier for both human

and LLM judges to define and select such criteria.

Unified Frameworks. judges is a similar library to use and create LLM-as-a-Judge eval-

uators, curating a set of LLM evaluators in a low-friction format that can be used off-the-

shelf or customized. Numerous other open-source packages exist for evaluating and testing

LLM systems (DeepEval, RAGAS, OpenAI Evals). While the generated checklists from

AutoChecklist are primarily used with LLM-as-a-Judge, their usefulness is not limited to

automatic evaluation; there is also potential for such checklists to help further align human

annotators in subjective tasks (e.g., essay grading, clinical note assessment). Furthermore,

AutoChecklist features unified criteria generation; most other libraries focus on scoring.

4.3 System Details

A checklist C = {q1, . . . , qn} is a set of yes/no questions designed to assess a target text.

Each question qi may carry an optional importance weight wi ∈ [0, 100]. Given a target

response, a scorer assigns each item an answer ai ∈ {yes,no} and optionally a confidence

ci ∈ [0, 1]. The pass rate for a single input is |{ai = yes}|/|C|, or
∑

wi · 1[ai=yes] /
∑

wi

when importance weights are available.

Since different methods are originally implemented with specific tasks in mind (e.g., eval-

uating LLM instruction-following or quality of a summary), we further define the following

abstractions: a checklist input is the instruction, query, or task being evaluated (e.g., “Write

a haiku about autumn” or “Summarize: {article}”); the checklist or evaluation target is the
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Generator Level Strategy Pipelines

Direct Instance Single-step generation: given the input (and option-
ally a reference), directly prompt the LLM to produce
a checklist

TICK [Cook et al.,
2024], RLCF Direct
[Viswanathan et al.,
2025], RocketEval [Wei
et al., 2025]

Contrastive Instance Counterfactual reasoning: generate candidate re-
sponses of varying quality, then derive criteria by con-
trasting good vs. bad responses

RLCF Candidate-based
[Viswanathan et al.,
2025], CRG [Liu et al.,
2025]

Inductive Corpus Bottom-up induction: convert reviewer feedback or
observations into general evaluation criteria, with
built-in deduplication and selection

Zhou et al. [2025]

Deductive Corpus Top-down decomposition: convert expert-defined
evaluation dimensions into specific checklist ques-
tions, with optional augmentation

Lee et al. [2025]

Interactive Corpus Starting with defined dimensions, extract criteria
from human and LLM think-aloud evaluation sessions
via a multi-stage pipeline of clustering and question
generation

Chu et al. [2025]

Table 4.1: Five checklist generation abstractions in AutoChecklist. Each represents a
distinct strategy for deriving evaluation criteria. The rightmost column lists built-in pipelines
that instantiate each generator with paper-specific prompt templates and scoring strategies.

output being scored against the checklist (e.g., the haiku or summary).

Design and Architecture. As depicted in Figure 4.2, generators fall into two categories.

Instance-level generators produce a checklist per input (e.g., per prompt-response pair).

DirectGenerator (Direct) implements direct inference: a single LLM call that converts the

input into checklist questions. ContrastiveGenerator (Contrastive) implements coun-

terfactual reasoning; it first generates candidate responses of varying quality (usually from

weaker models), then derives discriminative criteria by contrasting them. If the user provides

preference pairs, the generator can skip candidate generation and directly derive criteria by

contrasting chosen and rejected responses. Corpus-level generators derive a shared checklist

from corpus-wide signals. InductiveGenerator (Inductive) creates checklists “bottom-

up” from unstructured observations, such as user feedback or reviews. DeductiveGenerator
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Figure 4.2: Instance-level generators produce one checklist per input; criteria are tailored
to each specific task (target). Corpus-level generators produce one checklist for an entire
dataset of targets, capturing general quality patterns derived from higher-level signals.

(Deductive) performs top-down decomposition from expert-defined evaluation dimensions.

InteractiveGenerator (Interactive) extracts criteria from simulated think-aloud proto-

cols, wherein participants verbalize their thoughts during tasks. Table 4.1 shows how several

papers ultimately share similar underlying steps for checklist generation.

Refiners. Refiners are optional post-processing steps composed in sequence before scoring.

The Deduplicator merges semantically redundant questions via embedding similarity and

LLM-based cluster merging. The Tagger applies additional filtering of items by a specified

quality (e.g., generality, specificity). The UnitTester validates that each item is “LLM

enforceable” [Zhou et al., 2025]. The Selector uses beam search to optimize an objective

function against checklist length. For most of the corpus-level generators, refinement steps

are built into the generator classes; future work can refactor them into more modular steps.

Scorer. A unified ChecklistScorer class consolidates scoring strategies from three dif-

ferent papers into a single configurable interface. It operates in two modes: batch mode

scores all checklist questions in a single LLM call, while item mode scores one question per
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Pipeline Generator Score Ref?

tick Direct pass No
rocketeval Direct norm. Yes
rlcf_direct Direct weight. Yes
rlcf_cand. Contrastive weight. Yes
rlcf_cand._only Contrastive weight. No
or_pairwise Contrastive pass No
or_listwise Contrastive pass No
checkeval Deductive pass —
interacteval Interactive pass —
feedback Inductive pass —

Table 4.2: Built-in pipelines. Each pipeline pairs a generator with a default
ChecklistScorer configuration and paper-specific prompt templates. Score metrics: pass
rate, normalized, or weighted (see §4.3).

call. It can configure use of chain-of-thought reasoning (capture_reasoning) and logprob-

derived confidence scores (use_logprobs). The scorer computes three aggregate metrics:

pass_rate (fraction of YES answers), weighted_score (
∑

wi · 1[ai=yes]/
∑

wi, using im-

portance weights as in Viswanathan et al. [2025]), and normalized_score (calibrated from

logprob confidence as in Wei et al. [2025]). A primary_metric parameter designates which

metric the primary_score attribute returns; each built-in pipeline sets this to match its

original paper’s scoring method. For a corpus of targets, both macro-average scores and De-

composed Requirements Following Ratio (DRFR), i.e., micro-average pass rate [Qin et al.,

2024], are calculated.

Pipelines. Each stage in a pipeline is its own unit; any generator can be paired with

any scorer, and refiners compose in sequence. For instance, a user can generate checklists

with the Interactive strategy but score them with the normalized scorer, a previously

unsupported combination.

Table 4.2 shows how the five generator abstractions are instantiated as ten built-in

pipelines, i.e., pre-set configurations. Each row pairs a generator with a default scorer

configuration and paper-specific prompt templates, but any generator can be combined with
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any scorer. Users can add new pipelines by registering custom prompt templates, without

modifying library code. Base classes are also available for ease of developing more advanced

custom components.

4.4 Deployment and Usage

AutoChecklist is pip-installable and supports three usage modes with increasing customiza-

tion: a CLI for off-the-shelf evaluation, a web interface for interactive exploration and prompt

iteration, and a Python API for full pipeline control. The library supports multiple LLM

backends via a shared LLMClient protocol: OpenAI API, OpenRouter, and vLLM (both

as an online server and via VLLMOfflineClient for local GPU inference). Structured out-

put is handled via provider-enforced JSON schema (response_format), or appended format

instructions and parsing as a fallback.

autochecklist run --pipeline tick \

--data eval_data.jsonl \

--output results.jsonl \

--generator -model openai/gpt -5-mini \

--scorer -model openai/gpt -5-mini

Figure 4.3: CLI: end-to-end evaluation with a built-in pipeline.

Command-Line Interface. The CLI provides three subcommands for use with registered

components: run (generate checklists and score in one step), generate (produce checklists

without scoring), and score (score targets against a pre-existing checklist). A fourth sub-

command, list, discovers available generators, scorers, and refiners. Users specify a built-in

pipeline (e.g., --pipeline tick), a custom generator prompt file (--generator-prompt

my_eval.md), or a saved pipeline config JSON. Runs are resumable after interruption, with

incremental saving of results.
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Figure 4.4: The Batch results page showing per-item score breakdowns and aggregate statis-
tics for a dataset evaluation run.

User Interface. A locally hosted interface built with FastAPI and Next.js provides in-

teractive access to most library functionality without writing code, easily launched with

autochecklist ui.

The main page Evaluate offers three tabs. Custom Eval provides full prompt editing:

users choose a generator class, edit generator and scorer prompts in tabbed editors, load from

saved prompt templates, select an output format and scorer type, then run an evaluation and

view checklist and score results. The Compare tab enables side-by-side comparison of built-

in methods and custom pipelines on the same input, with results displayed as horizontally

scrollable method cards (see Figure 4.1). Reference includes descriptions for all generators,

scorer options, and pipelines. The Build interface supports Deductive corpus-level checklist

generation for downstream use.

Configurations from these workflows can be saved to the Library, which stores Checklists
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for saved checklists (clicking in allows for edits), Prompt Templates for reusable prompts

with placeholders, and Pipelines for saving complete evaluation configurations that bundle

generator class, prompts, scorer settings, and output format.

To process more data samples at once, the Batch page supports CSV/JSON data upload,

evaluation mode with saved Library items, progress tracking, and a results page with basic

aggregate statistics and per-item score breakdowns (such as in Figure 4.4). There is also

the option to export the experiment in Python code to run the same pipeline through a

script, which is preferred for very large datasets and for more fine-grained customization.

See Figure 4.5 for examples.

(a) The Custom Eval tab, where users edit
generator and scorer prompts, select an out-
put format, and run single-input evaluations.

(b) The Batch page, where users can use
built-in and custom pipelines to generate
checklists and/or score a dataset, along with
an option to export the pipeline as a script.

Figure 4.5: Additional UI pages to support prompt iteration and dataset evaluation.

Python API. The Python API offers full control over the pipeline, ideal for large-scale

checklist evaluation with finalized generator and scorer configurations. The pipeline()

factory is the recommended entry point: it resolves a pipeline name to a pre-configured gen-

erator and scorer, accepts optional refiners, and returns a callable that generates and scores
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in one step. For finer-grained control, ChecklistPipeline allows explicit composition of

independently configured generators, refiners, and scorers. Components can also be used

outside of any pipeline (e.g., calling a generator and scorer directly). Batch results provide

both macro-average scores and Decomposed Requirements Following Ratio (DRFR, i.e., a

micro-average pass rate) [Qin et al., 2024], and can be exported as DataFrames or JSONL

files. Users can register custom pipelines via register_custom_pipeline() and share con-

figurations as JSON files, making new evaluation setups reusable without modifying library

code.

from autochecklist import pipeline

# Built -in pipeline: generate checklist + score in one call

pipe = pipeline("tick", generator_model="openai/gpt -5-mini",

scorer_model="openai/gpt -5-mini")

result = pipe(input="Write a haiku about autumn.", target="Leaves

fall gently down ...")

print(f"Pass rate: {result.pass_rate :.0%}")

# Evaluation over a dataset

data = [{"input": "Write a haiku", "target": "Leaves fall ..."},

...]

result = pipe.run_batch(data , show_progress=True)

print(f"Macro pass rate: {result.macro_pass_rate :.0%}")

result.to_dataframe () # or result.to_jsonl (" results.jsonl")

Figure 4.6: Python API: basic usage

from autochecklist import DirectGenerator , ChecklistScorer ,

pipeline

from autochecklist.refiners import Deduplicator , Tagger
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from pathlib import Path

# Custom generator prompt (inline or from a Markdown file)

gen = DirectGenerator(custom_prompt=Path("prompts/my_eval.md"),

model="openai/gpt -5-mini")

checklist = gen.generate(input="Write a haiku about autumn.")

# Mix and match: chain refiners , then score with a different

scorer

checklist = Deduplicator(model="openai/gpt -5-mini").refine(

checklist)

checklist = Tagger(model="openai/gpt -5-mini").refine(checklist)

scorer = ChecklistScorer(mode="item", primary_metric="weighted",

model="openai/gpt -5-mini")

score = scorer.score(checklist , target="Leaves fall gently down

...")

# Or compose everything through the pipeline factory

pipe = pipeline("tick", generator_model="openai/gpt -5-mini",

refiners =["deduplicator", "tagger"], scorer="

weighted")

# Switch LLM provider: use a local vLLM server instead of

OpenRouter

pipe = pipeline("tick", provider="vllm", base_url="http ://

localhost :8000/ v1",

generator_model="meta -llama/Llama -3-8B")
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Pipeline Generator W/L/T ∆ d t-test p

tick
gpt-5-mini 75/10/15 +0.286 0.919 6.3e-15
sonnet-4.6 67/11/22 +0.259 0.846 3.0e-13

rlcf
gpt-5-mini 70/16/14 +0.228 0.785 4.9e-12
sonnet-4.6 54/11/35 +0.203 0.696 4.4e-10

Table 4.3: Preference discrimination on RewardBench pairs using instance-level pipelines,
under both the original gpt-5-mini generator and a claude-sonnet-4.6 (via OpenRouter)
ablation. The gpt-5 scorer is held fixed across runs. W/L/T = Win/Loss/Tie counts; ∆ =
mean (chosen − rejected); d = Cohen’s d. All Wilcoxon p-values are < 10−8.

# Register and save custom pipelines for reuse

from autochecklist import register_custom_pipeline ,

save_pipeline_config

register_custom_pipeline("my_eval", generator_prompt=Path("

prompts/my_eval.md"), scorer="weighted")

save_pipeline_config("my_eval", "my_eval.json") # share as a

portable JSON config

pipe = pipeline("my_eval", generator_model="openai/gpt -5-mini",

scorer_model="openai/gpt -5-mini")

Figure 4.7: Python API: custom prompts, providers, and composition

4.5 Validation

We validate that our pipeline implementations produce useful and effective checklists for two

benchmarks: RewardBench Lambert et al. [2025] for instance-level methods and SummEval

Fabbri et al. [2021] for corpus-level methods. All experiments use gpt-5 as the scorer; to

test robustness of the pipelines with different checklist generators, we use both gpt-5-mini

and claude-sonnet-4.6.
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(a) Mean checklist pass rates from tick and
rlcf on RewardBench pairs.

(b) Rescaled checklist pass rates against human
assigned scores on SummEval, across four di-
mensions.

Figure 4.8: Validation of built-in pipelines on RewardBench and SummEval.

Instance-Level. We test whether instance-level checklist scores can discriminate between

preferred and rejected responses. From RewardBench, we sample 100 preference pairs and

generate a checklist for each pair’s input prompt using the tick (Direct, reference-free)

and rlcf_candidate_only (Contrastive, reference-free) pipelines. Each method scores

both the chosen and rejected response, and we measure win ratio (fraction where the chosen

response scores higher), mean score delta, and effect size.

Table 4.3 shows that both pipelines significantly discriminate preferred responses (also

in Figure 4.8a). For gpt-5-mini, tick achieves a 75% win rate with a large effect size

(d = 0.919, p < .001), and rlcf_candidate_only achieves 70% (d = 0.785, p < .001).

claude-sonnet-4.6 has a smaller win to tie ratio, but still produces checklists that give

significantly scores to preferred responses. These results confirm that the library’s instance-

level pipelines produce checklist criteria that align with human preference judgments of

quality.

Corpus-Level. We validate corpus-level methods by measuring correlation with expert

quality judgments on the SummEval benchmark, which provides human scores on a 1–5

scale across four dimensions: coherence, consistency, fluency, and relevance. We generate

corpus-level checklists using checkeval (Deductive) and interacteval (Interactive),
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gpt-5-mini sonnet-4.6

Pipeline Dimension ρs MAE ρs MAE

checkeval

Coherence 0.723 1.104 0.733 1.041
Consistency 0.756 0.925 0.804 0.627
Fluency 0.819 0.829 0.805 0.863
Relevance 0.571 0.719 0.639 0.652

interacteval

Coherence 0.755 0.703 0.775 0.639
Consistency 0.835 0.565 0.808 0.627
Fluency 0.670 0.980 0.759 1.047
Relevance 0.612 0.910 0.587 0.838

Table 4.4: Corpus-level checklist validation on SummEval under both the original
gpt-5-mini generator and a sonnet-4.6 (via OpenRouter) ablation; the gpt-5 scorer is
held fixed. ρs: Spearman vs. human scores; MAE on rescaled 1–5 scores. Pearson and
Kendall correlations tracked Spearman closely (|∆| < 0.06) and are omitted for space. All
ρs are significant (p < .001).

then score 100 summaries against each checklist. We map checklist scores to the 1–5 scale

(pass rate × 4 + 1).

Both methods achieve strong correlations across all four dimensions, across generator

models (Table 4.4). All correlations are significant at p < .001 (Figure 4.8b). interacteval

achieves the highest dimensional correlations on coherence (ρ = 0.775 with claude-sonnet-4.6)

and consistency (ρ = 0.835 with gpt-5-mini), outperforming checkeval on both attributes

in Mean Absolute Error (MAE) from human ratings as well. checkeval beats interacteval

on correlation with fluency (ρ > 0.805), also with lowest MAE on this dimension. MAE for

relevance is lowest for checkeval methods, though correlation strength is more mixed de-

pending on generator model. These results confirm that the library’s corpus-level pipelines

produce checklists whose pass rates align with expert judgments, a conclusion that holds

across different generator models/providers.
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4.6 Case Study: Author Rebuttal Checklists

To demonstrate how AutoChecklist’s composable design enables application to new do-

mains, we apply checklist-based evaluation to peer review rebuttals, a setting where no ex-

isting checklist method has been tested. The adaptation required only prompt modifications

and the library’s existing generator and scorer infrastructure.

Review-rebuttal dynamics of peer review have been studied extensively, uncovering their

effects on final scores and successful rebuttal strategies [Gao et al., 2019, Dershowitz and

Verma, 2023, He et al., 2026, Ma et al., 2026]. While there are efforts to evaluate review

quality and usefulness [Ryu et al., 2025, Sadallah et al., 2025], no prior study has applied

checklist-based evaluation to automatically assess rebuttal quality. Checklists offer a natural

fit: each item can target a specific concern raised by the reviewer, yielding interpretable,

fine-grained assessment of rebuttal responses.

Setup. We collect 100 review–rebuttal pairs via the OpenReview API and evaluate them

with four generator configurations spanning both instance-level and corpus-level approaches.

We select pairs from ICLR 2019, the latest year with post-rebuttal rating change data.

We register custom generator prompts specific to the peer review context. Addition-

ally, Deductive uses three dimensions from Ma et al. [2026]—Relevance, Argumentation

Quality, and Communication Quality—each with sub-dimensions (e.g., Semantic Alignment,

Evidence Support, Constructiveness). Inductive takes 1,000 labeled reviewer sentences

related to “weaknesses” as input, generates candidate checklist items that capture common

patterns of concern across the corpus, and then refines the checklist with deduplication,

tagging, and optimal selection.

Results. We evaluate each pipeline’s checklist pass rates against three external signals of

rebuttal quality: (1) Rating: Spearman correlation between pass rate and the reviewer’s

numeric rating; (2) Acceptance: rank-biserial effect size between accepted and rejected
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Rating Acceptance Rating Change

Generator rs |d| ∆x̄ rpb AUC

Direct 0.253∗ 0.296∗ +0.124 0.143 0.587
Contrastive 0.219∗ 0.270∗ +0.094 0.084 0.531

Deductive 0.267∗∗ 0.282∗ +0.094 0.242∗ 0.668
Inductive 0.192 0.240∗ +0.068 0.172 0.630

Table 4.5: Evaluation of checklist-based rebuttal scoring on ICLR 2019. Rating: Spearman
rs between pass rate and reviewer rating. Acceptance: rank-biserial effect size |d| and
pass rate difference ∆x̄ = x̄acc − x̄rej . Rating Change: point-biserial rpb and ROC-AUC
for predicting whether the reviewer changed their rating post-rebuttal. ∗p < .05, ∗∗p < .01,
∗∗∗p < .001.

papers; and (3) Rating Change: point-biserial correlation and ROC-AUC for predicting

whether the reviewer changed their rating post-rebuttal.

(a) Checklist pass rate vs. reviewer rating on
review–rebuttal pairs; dashed lines show linear
fits.

(b) All four generators assign higher pass rates
to rebuttals for accepted papers vs. rejected pa-
pers.

Figure 4.9: Author rebuttal checklists generated from ICLR 2019 reviews.

Table 4.5 reveals the patterns across generator types. Direct shows the strongest accep-

tance discrimination and moderate rating correlation. Contrastive shows similar patterns

with slightly lower effect sizes. Deductive achieves the highest rating correlation, and both

Deductive and Inductive are the only methods with significant rating-change prediction,

i.e., corpus-level checklists may better capture the signals in rebuttals that convince reviewers

to update their score.
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This case study illustrates two features of the library’s design. First, the custom prompt

API allows adapting any pipeline to a new domain without modifying library code, as the

existing generator and scorer infrastructure is reusable with custom prompts. Second, the

composable pipeline makes it straightforward to compare instance-level and corpus-level

approaches on the same data, revealing their complementary strengths.

4.7 Conclusion and Future Work

We present AutoChecklist, a composable Python library that unifies LLM-based checklist

evaluation. Beyond consolidating existing methods, the library contributes a taxonomy of

five generator abstractions that organizes the design space of checklist generation by reason-

ing strategy, as well as a unified ChecklistScorer that consolidates three scoring strategies.

These utilities, combined with the composable Generator → Refiner → Scorer architecture,

enable systematic comparison and rapid extension of checklist evaluation methods. Overall,

AutoChecklist is a practical contribution around aggregating methods from original, specific

tasks into a resource that supports further exploration and extensions into new domains.

Validation on RewardBench and SummEval confirms that library-generated checklists

align with human judgments. The peer review rebuttal case study (§4.6) demonstrates

that adapting to a new domain requires only new custom prompt templates and no library

code changes. Future directions include integrating new checklist methods as they emerge,

supporting human-in-the-loop generation and refinement for corpus-level checklists, and pro-

viding more library features through the UI.

Limitations. We aim to faithfully implement the built-in pipelines based on their papers

and code, but we make some changes for standardization (e.g., enforcing JSON structured

outputs) and generalization (e.g., modifying original prompts). We provide default prompts

calibrated to the original papers, but users adapting to new domains should expect to iterate
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on prompt templates. Using OpenAI or OpenRouter providers also incurs API costs that

users should account for. Finally, there is not yet full end-to-end support for corpus-level

pipelines that require multi-stage human-in-the-loop workflows (e.g., Inductive’s refine-

ment pipeline and an interface to collect human and LLM data for Interactive’s input

attributes).

Ethical Considerations Automatic checklist-based evaluation is imperfect, especially

with multiple LLM-based steps. We caution that checklist scores should not replace hu-

man judgment in high-stakes settings without careful validation.

The library is released under the Apache 2.0 license. Built-in pipelines are adapted based

on publicly available papers and code. Validation experiments use open-source benchmarks

(RewardBench, SummEval) and publicly accessible OpenReview data. No private or per-

sonally identifiable data is used. Users do not expose API keys or data through using the

package or UI.

78



CHAPTER 5

CIVICCHATS: DESIGNING AI ASSISTANTS FOR CIVIC

DECISION-MAKING

5.1 Introduction

In the United States, ballot measures—proposed laws, policies, or constitutional amendments

up for public vote— are common and instrumental to democracy. Questions about housing,

criminal justice, labor rights, and changes to state constitutions are put to voters to decide

directly. However, political issues and ballot measures can be confusing, obscuring the effects

of one outcome versus another, and most voters aren’t especially familiar with the measures

they encounter. Ballot measures with more complex language lead to more roll-off (i.e., not

voting), indicating that accessibility is a key factor in democratic participation [Reilly and

Richey, 2011]. Consequently, voters often vote based on informational shortcuts, status quo

bias, or abstain entirely [Lupia, 1994, Hessami and Resnjanskij, 2019].

People are also frequently unfamiliar with upcoming ballot measures, even on high-profile

issues or days before the election, though political environment can influence awareness

[Barth et al., 2020, Nicholson, 2003]. When voters have minimal prior knowledge about a

ballot initiative, they are more likely to vote “yes” when it is written in simple, easy-to-

understand language; conversely, they are more likely to vote “no” or not vote at all when it

is written in complex language [Shulman et al., 2022].

Political knowledge increases one’s likelihood of political participation and voting Reichert

[2016]. Technology can help surface information and support accessibility, but not without its

own challenges. Chat interfaces with large language models (LLMs) have been increasingly

used for persuasion and deliberation [Costello et al., 2024, 2025], as well as for information

access in voting advice applications [Zhu et al., 2025]. While chatbots have been used to lower

ballot measure information barriers [Ash et al., 2025], more deliberative interactions have not
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been explored for this domain. A large-scale study assessing the effects of deliberation and

increased political knowledge on vote choice has found that participating in a deliberative

event is related to an increased likelihood of vote switching, though changes in party choices

are not shown to be related to the observed increase in political knowledge [Bernhagen and

Schmitt, 2014].

As mainstream chatbots tend to match user beliefs rather than clarifying or challenging

them, i.e., sycophancy [Sharma et al., 2024, Cheng et al., 2025], we aim to develop a plat-

form that supports more meaningful deliberation. In this work, we develop the CivicChats

platform that hosts three chatbot personas for different modes of deliberation: a Q&A mode

for understanding what a measure does and what’s at stake, an argumentative mode that

presents views competing with the user’s own, and a reflective mode that helps users examine

and develop their thinking. Through controlled user studies, we evaluate the impact of these

conversation modes on voter engagement, decisions, and reasoning around ballot measures.

While we collect categorical vote choices and Likert-scale ratings, we also collect free-form

responses from participants to explain their vote decision. To measure the quality of user

reasoning from the free-form responses, we construct the following methods of evaluation:

an Elo-style rating system for comparing impact of treatment conditions on user rationales,

a tradeoff resolution measure for assessing the ability to identify and resolve tradeoffs in the

rationale, and a transcript overlap measure for capturing what users take away from chatbot

interactions.

When deployed in two user studies on 2026 ballot measures in Colorado and Florida

(N = 600 total), we find that significant differences arise depending on the form of the ballot

context and mode of AI interaction provided to the users, specifically around engagement,

vote distributions, and user-written vote justifications.
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5.2 Methods

This work has received IRB approval (IRB25-038) from the University of Chicago. Informed

consent is obtained from participants before each study begins. We exclude participants

for inattentiveness: with an explicit check before beginning the survey and through filtering

on response time (less than 2 minutes total duration). All data is collected on a secured

departmental computer server.

5.2.1 Study design

We design a between-subjects study with five treatment conditions: Official_Text, Ballotpedia,

and the three chatbot conditions of QA, Argue, and Reflect. In the online user study, all

participants are randomly assigned to a condition for a given ballot measure:

1. Official_Text: users only see the ballot measure’s official text, which serves as a

control.

2. Ballotpedia: users are additionally provided sections of the human-curated Ballotpe-

dia entry for the ballot measure, as a static, structured resource.

3. QA: along with the Ballotpedia sections, users are provided an interactive chatbot

with RAG and web search capabilities, designed to be neutral and factual. Retrieval

database includes Ballotpedia data as well as the full text of the measure.

4. Argue: includes the UI and capabilities of QA, plus the ability to argue for and against

the measure, as push back on the user’s provided stance.

5. Reflect: includes the UI and capabilities of QA, plus the ability to ask probing ques-

tions about the user’s provided stance.

The treatment conditions are designed with progressive disclosure, starting with the Official_Text

condition and gradually adding more content and/or AI capabilities.
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Figure 5.1: UI for treatment conditions. Control group sees only the official text of the ballot
measure. Ballotpedia sees the official text and Ballotpedia sections. Chatbot conditions see
the official text and Ballotpedia sections, plus the chatbot interface.

5.2.2 Experiment Flow

The entry point is a landing page that explains the study, provides the consent form (confi-

dentiality and risks), and outlines the compensation of $4 for completing the study (estimated

to take approximately 15 minutes). Upon agreement, participants are given an overview of

ballot measures and the study structure. Following this page is an explicit attention check,

with a multiple choice question to confirm understanding of the purpose of the study. Users

must answer correctly to proceed to the next page.

Next, the users are asked pre-treatment questions: “How familiar are you with this ballot

measure?” and “How likely are you to vote on this ballot measure in the upcoming election?”

with five-point Likert scale responses.

Study flow diverges here depending on the treatment condition. For the Official_Text

and Ballotpedia conditions, their ballot measure content is presented on the left side of

the screen. For the QA, Argue, and Reflect conditions, the ballot measure content is on the

left and the chatbot interface is on the right. Users must send at least five messages to the
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chatbot to proceed to the next page. The UI for the treatment pages is shown in Figure 5.1.

The post-treatment questions are presented in the right side of the ballot info, including:

vote choice (Yes/No/Undecided), confidence in vote and understanding of measure (five-

point Likert scale), and voting intent (five-point likelihood Likert scale). All conditions are

then asked for a free-form explanation of their vote decision: “Please explain your reasoning

for your voting decision. Try your best to address opposing viewpoints or arguments”. Users

must write at least 30 words and spend at least 2 minutes of active time on the page (see

Figure 5.2).

Following those steps, users are asked to provide an email address for the follow-up survey,

as well as some demographic questions around education level, political affiliation, voting

frequency, trust in AI, and media habits. Finally, users are asked to provide general feedback

and, if in a chat condition, share if they would be interested in using such a tool in the future.

Figure 5.2: UI for post-treatment questions.

The format of mixing multiple-choice and free-form responses balances the standardiza-

tion and subjective quality, a methodology supported by prior work in survey design and

cognitive assessment [Conrad et al., 2025]. We measure participants’ voting confidence and

understanding through their self-ratings and grading of their free-responses. We also track

behavioral engagement signals like time spent on the survey.

83



Figure 5.3: Pairwise annotation UI for rationales, inspired by Chatbot Arena, to develop
Elo-style ratings of different study conditions.

5.2.3 Evaluating Vote Rationales

Vote rationales are free-form responses written by participants to explain their vote decision.

To determine how good a rationale is and the treatment conditions’ impact on them, we

develop the following measures:

• Elo-style rating: relative rankings based on human preferences of treatment condi-

tions with respect to the quality of user rationales.

• Tradeoff resolution: rate of resolving identified tradeoffs in the rationale, where a

tradeoff is a passage where the participant weighs two competing considerations and

resolves or accepts the tension.

• Transcript takeaways: rate of rationale content words that appear in the transcript,

from the user and/or the chatbot.
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Figure 5.4: Tradeoff examples as identified with an LLM tagger, displaying tradeoffs (A and
B) that are resolved (chose A or B) vs. not resolved.

Elo-style rating We use the Elo-style rating system to compare the rationales of differ-

ent treatment conditions. In chess, the Elo rating system is a method for calculating the

relative skill levels of players, that adapts to outcomes of matches. It is designed so that the

probability of player A beating player B depends only on the gap between their Elo scores.

Elo scoring has been adopted for use in comparing LLMs in leaderboards like Chatbot

Arena [Chiang et al., 2024], where human users indicate the winning response to the same

input from a pair of LLM responses. Specifically, users are asked to choose one of: “A is

better”, “Both are good”, “Both are bad”, and “B is better”.

By establishing treatment conditions as “players” and rationales as “matches”, we adapt

this head-to-head setup to measure relative strengths of the treatments on rationale quality.

We set up pairs of rationales that have the same vote direction on the same ballot measure,
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with word count ratios under 2.0 to account for extreme length differences. Pairs are pri-

marily across all five treatment conditions, with some pairs within treatment conditions to

measure intra-treatment variation.

Like Chatbot Arena, we give half credit to ties. Three annotators all score a validation set

of 30 pairs to measure inter-annotator agreement. After annotating enough pairs to ensure

statistical power in a UI (shown in Figure 5.3), we fit a Bradley-Terry model (the underlying

Maximum Likelihood Estimation model of Elo scoring) on the preference labels. The scores

are rescaled to 1500 for the Official_Text control condition for easier interpretability, as

that is the default score for new chess players.

Tradeoff resolution Part of explanation quality for a ballot measure vote also involves

deliberation of tradeoffs. Tradeoffs may be within-stance (e.g., voting yes despite worrying

about cost) or between-stance (weighing an opposing argument). We prompt an LLM to

identify these semantically rather than by lexical markers like “but” or “on the other hand.”

An LLM scores each participant’s rationale with strict JSON-schema output for distinct

tradeoffs—passages where the participant weighs two or more considerations against each

other. For each tradeoff the LLM returns two competing sides A and B, and a resolution:

user chose A, B, or neither, with some examples seen here in Figure 5.4. See §C.1 for the

tradeoff identification system prompt, user prompt, and structured response format.

Transcript takeaways To further isolate effects of each kind of treatment on voter expla-

nations, we also try to measure what they take away from their AI interactions. We measure

this through content word overlap of rationales with users’ own messages, with AI messages,

and with AI-unique words (those said only by the AI, not by the user or in the ballot text).

Explanations are preprocessed by lowercasing and removing stopwords and punctuation.
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(a) Colorado.

(b) Florida.

Figure 5.5: Official texts of 2026 ballot measures for Colorado and Florida used in user
studies.

5.2.4 Participants and Deployment

We run the study on two live ballot measures to appear on the November 2026 ballot:

Colorado’s Penalty for Fentanyl Sales and Possession Initiative and Florida’s Changes to

Budget Stabilization Fund Amendment (Figure 5.5). Both are selected to cover different

topics and content. The Colorado measure aims to increase penalties for fentanyl-related

offenses and require treatment for certain felony possession cases. The Florida amendment

aims to increase the state’s "rainy-day" fund cap and require regular deposits, with flexibility

to pause them in certain situations. Participants are recruited via Prolific and selected to
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be residents of the US state for which the ballot measure applies.

5.3 Results

We recruit N = 200 participants from Colorado and N = 400 participants from Florida.

Mean age of users is 40.2 (SD = 14.2), with 52.8% female and 47.0% male. 74.5% of

participants are white, 9.5% are Black, 5.2% are Asian, 7.4% are mixed race, and 3.3% are

other or prefer not to say. Participants complete the survey in an average of 15.3 minutes

(SD = 10.3).

Figure 5.6: Engagement metrics for different treatment conditions, measured as active min-
utes on treatment page (excluding AI response time) and user chat message lengths.

Figure 5.7: Lengths of vote rationales from different study conditions, with darker bars
indicating significantly longer lengths than the control.
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5.3.1 Engagement

We measure engagement through time spent on treatment pages (excluding AI response

time), message lengths, and rationale lengths. In Figure 5.6, participants in Ballotpedia

spend more time than the Official_Text condition, which is expected given the addi-

tional content provided. The AI conditions spend more time than both Official_Text and

Ballotpedia users. Among the AI conditions, participants in the Reflect and Argue con-

ditions spend more time conversing with the chatbot than participants in the QA condition.

Additionally, participants in the Reflect and Argue conditions write longer messages than

participants in the QA condition. We also see that Reflect and Argue conditions produce

longer rationales that are significantly longer than the Official_Text control group, though

not against other treatment conditions (Figure 5.7). So although the Reflect and Argue

conditions spend the most time in the treatment page, that does not translate to longer

rationales than the ones from the other treatment conditions.

Figure 5.8: Vote distribution for different treatment conditions, for each ballot measure.

5.3.2 Voting Behavior

Voting “Yes” or “No” have different implications depending on ballot context, but the Official_Text

condition distributions may be reflective of how users in the wild would vote on election day
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if they do not research beforehand. We expect that the treatment conditions will lead to

different vote distributions compared to the Official_Text control, as users are given more

context. We do see this play out across both state measures (Figure 5.8).

In both states, exposure to treatments reduces the abstention rate (by 28% in Florida

and 12% in Colorado), suggesting that the interventions help people be more decisive.

Ballotpedia drops Colorado’s approval rate by 30% but raises Florida’s by 13%. As ballot

measures are decided by majority vote (excluding abstentions), these different vote distribu-

tions would indicate different election outcomes, highlighting the potential real-world impact

of these interventions.

5.3.3 Quality of Vote Rationale

(a) Elo scores for each condition, relative to the
Official_Text control.

(b) Significance of Elo scores between each
pair of treatment conditions.

Figure 5.9: Elo scores and corresponding significance for the five study conditions.

We hypothesize that users in the Reflect and Argue conditions will have higher quality

vote rationales than participants in the Official_Text, QA, and Ballotpedia conditions. As

noted before, Reflect and Argue conditions produce longer rationales that are significantly

longer than the control. But verbosity is not necessarily a sign of quality, so we also measure

quality through Elo-style ratings, tradeoff resolution, and transcript overlap as described in

§5.2.3.
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To obtain relative rankings, we annotate 424 total pairs of rationales across conditions,

with moderate to substantial agreement on the validation set (Fleiss’s κ = 0.539). We confirm

no significant position bias. We find that Argue and Reflect produce significantly preferred

explanations over the control across both measures (Figure 5.9a). The interpretation of this

score is that rationales from those users beat out the ones from Official_Text around 67%

of the time, and beat out Ballotpedia and QA around 61% of the time. There is some

significant correlation with length, but while Argue and Reflect rationale lengths are not

different from Ballotpedia and QA, in Elo ratings they are significantly preferred against

Ballotpedia (Figure 5.9b). Argue is also significantly preferred against QA. These scores

indicate that human preferences do extend beyond verbosity, and that the content of the

rationales do differ even between AI conditions.

(a) Rates of participants who resolved vs. did
not resolve tradeoffs across conditions.

(b) Rates of tradeoff resolution between each
pair of treatment conditions.

Figure 5.10: Rates of resolved vs. unresolved tradeoffs across conditions.

Another measure of quality involves deliberation of tradeoffs, which we measure through

rate of tradeoff resolution. Treatment groups have a larger proportion of participants

who resolve tradeoffs in their rationales than the Official_Text users (Figure 5.10a).

Official_Text users have the highest rate of users who do not resolve any tradeoffs at all.

At the identified tradeoff level, treatment groups’ rationales also have higher rates of resolu-

tion than those of Official_Text users (Figure 5.10b), which indicates that these users are

engaging more with the nuances of the measure in their written explanations. Since these
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users have access to the Support/Opposition arguments from Ballotpedia, and conditionally

chatbots to synthesize and summarize such arguments, the higher rates of resolution suggest

that the treatment users are able to be more decisive around conflicting considerations when

justifying their vote.

Figure 5.11: Overlap scores with official ballot text for different treatment conditions.

Finally, we further isolate the effects of each intervention on voter explanation by mea-

suring what they take away from their specific treatments. As a baseline, we look at the

extent to which rationales echo language from the official ballot text. From Figure 5.11,

all treatment groups use significantly less official language than the Official_Text control

(not unexpected given that they have access to extra context).

We then look at takeaways from the chat transcript for AI conditions. From Figure 5.12,

Argue and Reflect users synthesize their own messages into their rationales, meaning a

higher portion of their explanation is echoing or re-articulating their own chat messages.

This is likely reflective of the chatbot personas themselves, which are designed specifically

to elicit user stances. The QA condition not showing this outcome further supports that the

more deliberative chatbots perform as intended. Another finding is that users in Reflect

take up the most AI messaging, even when limited to AI unique words. This may also be

due to the Reflect condition being designed to probe and surface unrealized assumptions.
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Figure 5.12: Overlap scores for different treatment conditions.

5.4 Conclusion

In this chapter, we conduct a user study to evaluate the effectiveness of an AI-powered

chatbot in helping voters understand and make informed decisions about ballot measures.

We design three chatbot personas, two of which are designed to elicit and engage directly

with user stances. These chatbot treatments result in higher engagement through time spent

and writing verbosity.

We find that treatment conditions lead to different vote distributions, with access beyond

official ballot text leading to lower abstention rates. This supports previous findings that low

information voters are more likely to roll off [Reilly and Richey, 2011], and the significant

shifts in vote distribution suggest that these interventions could impact real ballot outcomes.

User-written justifications for their votes also differ across treatment conditions. In par-

ticular, the deliberation-oriented chatbots (Argue and Reflect) yield more preferred and

nuanced explanations than the standard Q&A chatbot (QA), as measured by Elo-style rat-

ings and tradeoff resolution. These two treatments also draw out more reasoning during the

chat interaction itself, which users then carry over into their final rationale

A key methodological contribution is a set of measures for assessing free-form vote ra-

tionales beyond surface verbosity, which let us isolate how each conversation mode shapes

voter reasoning. Informed and active voting is critical to the success of democracy. As AI

chatbots become more prevalent in civic decision-making, our system and findings suggest

that AI interactions, particularly those that elicit and engage directly with user stances, can

93



have significant and meaningful effects on voter behavior.

Future work. There are many opportunities for future work to support civic decision-

making with AI. One avenue is to measure longer-term effects of the chatbot treatments on

voter behavior, through follow-up surveys or longitudinal studies. Our platform at CivicCha

ts.org (see §C.3) has collected over 900 chats, and future work involves analyzing these chat

transcripts to understand how users engage with the chatbot personas in the wild. Additional

discourse modes could be explored, such as multi-AI advisors or debate components to help

participants assess the tradeoffs of a measure [Rahman et al., 2025]. There are also many

opportunities to extend the evaluation methods we develop in this work, such as by defining

or generating rubrics to grade the quality of user responses.

Limitations. Tradeoffs are identified through LLM-as-a-Judge, which has not been sub-

stantially validated by humans, though manual inspection does support the judge’s labels.

The statistical power of the Elo ratings to further distinguish treatment conditions is also

limited by the number of pairs annotated. An increase in the number of pairs would allow

for more precise and sensitive comparisons.
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CHAPTER 6

CONCLUSION

In this thesis, we have demonstrated various frameworks for measuring abstract qualities of

language in human-centered domains, where subjective and contextual judgments may not

have singular ground truth answers. Specifically, we have introduced a suite of metrics for

quantifying the uniqueness and divisiveness of presidential speech, developed a framework

for evaluating the quality of AI-generated clinical notes with feedback-grounded checklists,

released an open-source library that unifies LLM-based checklist generation and scoring

methods for rubric-based evaluation, and assessed the impact of human–AI conversation on

voter engagement and reasoning around ballot measures. These frameworks span the high-

stakes domains of politics, healthcare, and civic decision-making, where the problems we

address have real-world consequences.

As discussed in Chapter 2, presidential discourse attracts considerable attention from

popular media and scholars alike. In a time when efforts to computationally compare such

rhetoric had been limited to lexical methods, we propose a novel suite of metrics to advance

such analyses and identify new findings. In particular, we leverage large language models

to establish an original metric of uniqueness, develop a new lexicon for divisive speech, and

introduce a comparative framework for the portrayal of political opponents. We then apply

these methods to a rich assembly of campaign speeches, presidential debates, and official

States of the Union addresses. Across all these datasets, we find that Donald Trump’s

political rhetoric is unique among modern presidents, and is defined, in part, by his use of

antagonistic language, particularly when directed at political opponents. While this work

was completed before the 2024 presidential election, the results remain relevant today as

Trump continues to be a polarizing figure in American and global politics.

Established Ambient AI companies like Abridge provide hospitals with AI-generated

clinical notes that are used for real patient care. The stakes of this domain are unquestionably
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high, and the quality of the AI-generated notes is critical to not only the success of the

company but also the well-being of patients. Since evaluating clinical note quality remains a

challenge due to high subjectivity and limited scalability of expert review, we have developed

a pipeline that systematically distills large-scale clinician feedback into structured, LLM-

enforceable checklist items for note evaluation. Used with LLM-as-a-Judge, these checklists

yield interpretable and auditable criteria, grounded in human feedback and enforceable by

LLM-based evaluators. Using deidentified data from over 21,000 clinical encounters from a

deployed AI medical scribe system, we show that our feedback-derived checklist outperforms

a baseline approach in offline evaluations on coverage, diversity, and predictive power for

human ratings. Extensive experiments have shown the checklist’s robustness to quality-

degrading perturbations, significant alignment with clinician preferences, and practical value

as an evaluation methodology. Our checklist offers a practical tool with the potential to

reduce clinician effort in reviewing notes, without replacing expert oversight.

The checklist generation pipeline from Chapter 3 is incorporated into AutoChecklist, a

library that consolidates multiple approaches from the literature for automatic checklist gen-

eration and scoring. By defining a common taxonomy of checklist generation abstractions,

this toolkit supports the extensibility of rubric-based evaluation across domains. Specifi-

cally, we show that existing methods fall under two types of checklists, instance-level and

corpus-level, and that five distinct generation patterns can be used to implement ten built-in

pipelines. We demonstrate that the built-in pipelines generate checklists that align with

human preferences and quality ratings, and also show how the library supports straightfor-

ward domain adaptation to a novel task of peer review rebuttal evaluation. AutoChecklist

has been released as a public resource for the community1, to support adaptation of these

methods to future applications and domains.

Finally, we assess the impact of human–AI conversation on voter engagement and reason-

1. available at https://github.com/ChicagoHAI/AutoChecklist
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ing around ballot measures in Chapter 5. We develop chatbot personas for different modes

of conversation, and conduct controlled user studies to evaluate their effects. Considerable

differences in engagement and vote distributions arise across treatment groups, where the

interventions reduce the abstention rate across two ballot measures from different states.

We also find that deliberation-oriented chatbot conditions yield user-written rationales that

are preferred under Elo-style ratings, decisive around identified tradeoffs, and re-articulated

from their chat interactions. These findings suggest that AI interactions, particularly those

that elicit and engage directly with user stances, can have significant and meaningful effects

on voter behavior.

There are ample opportunities for future work in this area, as the need for evaluation of

language outputs (from humans and LLMs) at scale continues to grow and evolve. Expert in-

tuitions and taste continue to be difficult to operationalize, especially in specialized domains

like scientific research [Tong et al., 2026, Ho et al., 2026]. Specifically around the pattern

of developing checklists to define structured criteria, decomposing quality into atomic, ver-

ifiable properties is also a growing paradigm for inference-time model improvement [Wan

et al., 2026]. Checklist-based methods have proven to be useful for several applications

(as described in Chapter 4), but limitations have been identified to address: checklists can

have mixed effectiveness for evaluation [Furuhashi et al., 2025] and model-generated rubrics

lag behind human-annotated criteria on hard instances [Zhang et al., 2026]. Closing the

discriminative gap is an active area of research [Sun et al., 2026].

To conclude, the studies in this dissertation demonstrate how abstract qualities of lan-

guage can still be measured in the absence of ground truth in various human-centered do-

mains, by being thoughtful and intentional about what and how we measure. By leveraging

human domain expertise to scope the evaluation criteria, NLP tools and LLMs for scalabil-

ity, and multi-faceted interpretations of quality to provide multiple points of evidence, we

treat evaluation as its own nontrivial task, not just a downstream application. This thesis
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documents a foundation for further exploration of how we can build AI systems that are

more grounded, interpretable, and aligned with human values.
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APPENDIX A

SUPPLEMENTARY MATERIAL FOR CHAPTER 3

A.1 LLM-based Uniqueness Robustness Checks

A.1.1 BPC

Recall that we employ bits-per-character (BPC), also known as bits-per-byte, as a measure

of “predictability” of a sentence. Lower BPC values correspond to higher predictability.

We use BPC instead of perplexity or loss directly to account for variation in tokenization

techniques. BPC is the sum of cross-entropy losses of each token in a sentence, divided by

the number of characters (bytes) in the sentences. Figure A.1 shows average sentence BPC

per candidate (Figure A.1a) and aggregated by party over sentence length (Figure A.1b).

While in campaigns, Trump is the most unpredictable among those candidates, he is ranks

closer to the middle for predictability in debates and SOTU.

A.1.2 Correlation with Readability Metrics

We calculate the Spearman correlation coefficients for our uniqueness metric with existing

readability scores. Our metric has little to no correlation with readability, while different

readability indexes show strong correlation with each other (Figure A.2). Figure A.2 also

confirms that our metric is dintinct from sentence length.

A.1.3 Uniqueness scores over time

Figure A.3 shows the uniqueness scores over time; in particular, the scores increased in recent

years. We also present the uniqueness scores by year/term for debates (Figure A.4), SOTU

(Figure A.5), and campaigns (Figure A.6). Overall, Trump is still consistently the most

unique every year and term, compared to those of the other presidential candidates. For
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debates, he is slightly more unique in his first election cycle in 2016, whereas in campaigns,

his second election cycle involves more distinctive speech than his first. For SOTU addresses,

Trump’s speech becomes more distinct in his second year onwards.

A.1.4 Top %-ile uniqueness

Figure A.7 shows that, when comparing the uniqueness scores of the top decile of unique

sentences for each speaker, we again find that Trump is the most unique speaker in all our

samples of political speech.

A.1.5 LLM-based uniqueness results with unmasked model

In the main paper, we present results using language models that are trained on data with

named entities masked out with a <ENT> token, as identified by the spaCy NER tagger. This

decision is made to prevent the model from learning patterns like “Only Trump mentions

Biden’s name during debates”.

We also fine-tune each dataset’s model on the data without masking named entities,

with results presented in Figure A.8. These results are overall consistent with those of the

masked model. Figure A.8a shows that Trump remains the most distinctive speaker in all

data types, while Figure A.8b confirms still that the distinctiveness holds across all sentence

lengths. Trump is still more similar in uniqueness to Democrats than his fellow Republicans

(Figure A.8c).

A.2 Additional Divisive Word Lexicon Results

A.2.1 Divisive Word Lexicon

Table 2.2 contains the 178 words in our proposed divisive word lexicon.

113



A.2.2 Usage over time

In debates and campaigns, divisive language usage increased after 2012 (Figure A.9), which

corresponds to the onset of Trump’s candidacy. Indeed, we find that Trump uses the most

divisive language of all candidates.

A.2.3 Usage by candidate

Heatmaps of divisive word usage can provide a more granular look at the specific divisive

language used by each candidate (Figure A.10). For example, in the debates dataset, it

is notable that the frequency of use of the word “racist” has become used more by recent

candidates like Trump and Biden. In the debates dataset some of Donald Trump’s most

frequently used words in this lexicon are those like “disgrace”, “stupid”, “filthy”, “hate”, and

“racist” (Figure A.10a). In Donald Trump’s SOTU addresses, the most frequently used

divisive words are those like “corrupt”, “vile”, “foolish”, “cruel”, and “savage” (Figure A.10b).

In campaign speeches, Donald Trump’s most frequently used divisive words are those like

“corrupt”, “crazy”, “stupid”, and “dishonest” (Figure A.10c).

A.2.4 Utterances Using Divisive Words

Excerpts of speech using divisive words can be found in Table A.1, Table A.2, and Table A.3

for debates, SOTU, and campaign speeches respectively.

A.2.5 Annotator Agreement

For the initial 360 terms, we obtain a Fleiss’ κ of 0.54, which indicates a moderate level of

agreement. Since divisiveness is a somewhat subjective phenomenon, this moderate agree-

ment is similar to that obtained on other subjective lexicons, such as the word-emotion

association (average Fleiss’ κ of 0.29) [Mohammad and Turney, 2013] and the initial terms
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in the polarization dictionary (Cohen’s κ of 0.61) [Simchon et al., 2022]. Our final set of 178

terms has full agreement from the majority of annotators, but we still discuss the implications

of our Fleiss’ κ below.

Agreement is affected by several characteristics of divisiveness. Firstly, divisiveness is a

spectrum and terms can be “a little” to “extremely” divisive. Annotators only give binary

labels, so disagreement may be higher due to lack of nuance. Relatedly, the words are

presented out of context; they may be more or less divisive depending on usage. However,

identifying all possible contexts of our lexicon usage is costly and nontrivial. Finally, like the

word-emotion association lexicon [Mohammad and Turney, 2013], our initial data is biased,

with more “not divisive” terms than “divisive” terms (based on only 31.6% of the 360 terms

receiving unanimous agreement). Both Cohen’s and Fleiss’ κ are considered conservative in

such settings with label imbalance [Mohammad and Turney, 2013, Brennan and Prediger,

1981, Perreault and Leigh, 1989]. As such, these κ values may underestimate the true rater

agreement for these cases.

Ultimately, we introduce the first such lexicon of divisiveness for text analysis. Usage

of our lexicon may be augmented with additional strategies like dependency parsing and

leveraging surrounding context.

A.3 Additional Opponent Mention Results

A.3.1 Rate of opponent mentions

The overall rates of sentences that mention opponents for debates, SOTU, and campaign

speeches are 20.60%, 0.83%, and 6.95% respectively. Figure A.11 shows the distribution

of sentences containing opponent mentions among the candidate speakers. Trump has the

highest rate of opponent mentions in debates.
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A.3.2 Fightin’ Words overlap

We present additional plots for the Fightin’ Words overlap metric, for different top-n ad-

jectives in debates (see Figure A.12). In particular, for top-5, 10, and 25 adjective Fightin’

Words, Trump has the lowest overlap in adjectives he uses in association with opponent

mentions. These trends are consistent with those presented in the main paper.
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Figure A.1: Average sentence BPC across each data type. In campaigns, Trump is the
most unpredictable among those candidates; however, he is ranks closer to the middle for
predictability in debates and SOTU
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Figure A.2: Heatmaps of Spearman Correlation Coefficients between our uniqueness metric
and existing readability scores (FKGL, Gunning Fog, Dale Chall, and ARI). There is little
to no correlation between our score and readability; in contrast, there is strong correlation
between the different readability indexes.
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Figure A.4: For debates, Trump is consistently most unique for each term that he runs for
president (2016, 2020). He is slightly more unique in his first election cycle, in 2016. The
error bars represent 95%-confidence intervals.
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Figure A.5: For SOTU, Trump is consistently most unique throughout all years of his
presidency. His speech distinctiveness increases after the first year of his term. The error
bars represent 95%-confidence intervals.
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Figure A.6: For campaign speeches, Trump is consistently most unique for each term that he
runs for president (2016, 2020). His campaign speech in his second election cycle is slightly
more unique than his first time. The error bars represent 95%-confidence intervals.
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Figure A.10: Heatmaps showing divisive word utterance frequency, normalized over all words
spoken, by speaker.
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Year Example Sentence(s) w/ Context

2020 Other: [to Biden] Let him go for a minute, and then you can go.
Donald Trump: And rebuild the building.
Joe Biden: No.
Donald Trump: It’s the dumbest-
Joe Biden: That is not, that is not. . .
Donald Trump: ... most ridiculous. . .

2020 Joe Biden: Russia is paying you a lot.
Joe Biden: China is paying a lot.
Joe Biden: And your hotels and all your businesses all around the country, all around the world.
Joe Biden: And China’s building a new road to a new gas a golf course you have overseas.
Joe Biden: So what’s going on here?
Joe Biden: Why don’t you release your tax return or stop talking about corruption?

2020 Donald Trump: I mean, they can say anything.
Donald Trump: It’s a very– it makes me sad because I am the least racist person.
Donald Trump: I can’t even see the audience because it’s so dark, but I don’t care who’s in the
audience.
Donald Trump: I’m the least racist person in this room.
Other: OK.
Other: Vice President Biden, let me ask you, very quickly, and then I have a follow up question
for you.
Joe Biden: Abraham Lincoln.
Joe Biden: Here is one of the most racist presidents we’ve had in modern history.
Joe Biden: He pours fuel on every single racist fire, every single one.

2016 Donald Trump: They say, what do we need this for?
Donald Trump: So Mosul is going to be a wonderful thing.
Donald Trump: And Iran should write us a letter of thank you, just like the really stupid the
stupidest deal of all time, a deal that’s going to give Iran absolutely nuclear weapons.

2016 Hillary Clinton: And we should demand that Donald release all of his tax returns so that people
can see what are the entanglements and the financial relationships that he has...
Other: We’re going to get to that later.
Other: Secretary Clinton, you’re out of time.
Hillary Clinton: ... with the Russians and other foreign powers.
Other: Mr. Trump?
Donald Trump: Well, I think I should respond, because so ridiculous.

1976 Gerald Ford: On the other hand, when you have a bill of that magnitude, with those many
provisions, a President has to sit and decide if there is more good than bad.
Gerald Ford: And from the analysis that I have made so far, it seems to me that that tax bill
does justify my signature and my approval.
Other: Governor Carter, your response.
Jimmy Carter: Well, Mr. Ford is changing considerably his previous philosophy.
Jimmy Carter: The present tax structure is a disgrace to this country.

1988 George Bush: In terms of negative campaigning, you know, I don’t want to sound like a kid in
the schoolyard: he started it.
George Bush: But take a look at the Democratic convention take a look at it.
George Bush: Do you remember the Senator from Boston chanting out there and the ridicule
factor from that lady from Texas that was on there; I mean, come on, this was just outrageous.

Table A.1: [DEBATES] Example usages of words from our divisive lexicon throughout de-
bates. 124



Year Example Sentence(s) w/ Context

2022 Joe Biden: We’re choking Russia’s access to technology that will sap its economic strength
and weaken its military for years to come.
Joe Biden: Tonight I say to the Russian oligarchs and the corrupt leaders who have bilked
billions of dollars off this violent regime: No more.

2020 Donald Trump: The terrorist responsible for killing Sergeant Hake was Qasem Soleimani,
who provided the deadly roadside bomb that took Chris’s life.
Donald Trump: Soleimani was the Iranian regime’s most ruthless butcher, a monster
who murdered or wounded thousands of American servicemembers in Iraq.

2018 Donald Trump: I am asking Congress to address the fundamental flaws in the terrible
Iran nuclear deal.
Donald Trump: My administration has also imposed tough sanctions on the communist
and socialist dictatorships in Cuba and Venezuela.
Donald Trump: But no regime has oppressed its own citizens more totally or brutally
than the cruel dictatorship in North Korea.

2018 Donald Trump: In April, this will be the last time you will ever file under the old and
very broken system, and millions of Americans will have more take-home pay starting next
month—a lot more.
Donald Trump: We eliminated an especially cruel tax that fell mostly on Americans
making less than $50,000 a year, forcing them to pay tremendous penalties simply because
they couldn’t afford Government-ordered health plans.

2017 Donald Trump: As promised, I directed the Department of Defense to develop a plan to
demolish and destroy ISIS, a network of lawless savages that have slaughtered Muslims and
Christians, and men and women and children of all faiths and all beliefs.
Donald Trump: We will work with our allies, including our friends and allies in the Muslim
world, to extinguish this vile enemy from our planet.

2016 Barack Obama: But after years now of record corporate profits, working families won’t
get more opportunity or bigger paychecks just by letting big banks or big oil or hedge funds
make their own rules at everybody else’s expense.
Barack Obama: Middle class families are not going to feel more secure because we allowed
attacks on collective bargaining to go unanswered.
Barack Obama: Food stamp recipients did not cause the financial crisis; recklessness on
Wall Street did.

1991 George Bush: But the world has to wonder what the dictator of Iraq is thinking.
George Bush: If he thinks that by targeting innocent civilians in Israel and Saudi Arabia,
that he will gain advantage, he is dead wrong.
George Bush: If he thinks that he will advance his cause through tragic and despicable
environmental terrorism, he is dead wrong.

1982 Ronald Reagan: Contrary to some of the wild charges you may have heard, this admin-
istration has not and will not turn its back on America’s elderly or America’s poor.
Ronald Reagan: Under the new budget, funding for social insurance programs will be
more than double the amount spent only 6 years ago.
Ronald Reagan: But it would be foolish to pretend that these or any programs cannot
be made more efficient and economical.

Table A.2: [SOTU] Example usages of words from our divisive lexicon throughout SOTU
addresses. In general, there are fewer uses of divisive words during SOTU speeches.
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Year Example Sentence(s) w/ Context

2020 Joe Biden: The last thing you need is a President who ignores you, looks down at you,
who just doesn’t understand you.
Joe Biden: Like President Trump.
Joe Biden: His reckless personal conduct since his diagnosis, the destabilizing effect it’s
having on our government, is unconscionable.

2020 Donald Trump: The fact is, this is the single most important election in the history of
our country.
Donald Trump: And sleepy Joe Biden’s made a corrupt bargain.

2016 Donald Trump: Now, Bernie Sanders should be angry right?
Donald Trump: Shouldn’t he be angry?
Donald Trump: Now, I’ll tell you what.
Donald Trump: The system is rigged.
Donald Trump: The system is rigged.
Donald Trump: I’ve been saying it for a—it’s rigged, and we’re gonna straighten it out.
Donald Trump: But the system is rigged.
Donald Trump: Hillary is not the victim; the American people are the victims of this
system.
Donald Trump: So corrupt in so many ways.

2016 Donald Trump: When we win on November 8th, we are going to Washington, D.C. and
we are going to drain the swamp.
Donald Trump: Gonna drain the swamp.
Donald Trump: We’re gonna drain the swamp, folks.
Donald Trump: We’re gonna drain that swamp.
Donald Trump: Another important issue for Americans is integrity in journalism.
Donald Trump: These people are among the most dishonest people I’ve ever met, spoken
to, done business with.
Donald Trump: These are the most dishonest people.

2016 Donald Trump: Our trade deals, we lose $800 billion a year on trade.
Donald Trump: We have trade deficits.
Donald Trump: Think of that.
Donald Trump: Who negotiates these deals?
Donald Trump: You know who does?
Donald Trump: Stupid people.
Donald Trump: Stupid people.
Donald Trump: With very stupid leadership.

2016 Hillary Clinton: We should honor the men and women in uniform who fight for our
country.
Hillary Clinton: That’s why I was so appalled when Donald Trump tweeted that the new
effort underway to push the terrorists out of the key city of Mosul is already, and I quote
him, "a total disaster" and that our country is, again a quote, "looking dumb."
Hillary Clinton: Really?
Hillary Clinton: He’s declaring defeat before the battle has even started.
Hillary Clinton: He’s proving once again he is unqualified to be commander in chief of
our military.

Table A.3: [CAMPAIGN] Example usages of words from our divisive lexicon throughout
campaigns.
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Figure A.11: Distribution of sentences containing opponent mentions among all speakers,
across the data types. Note the different rates for debates vs. SOTU. Trump has the highest
rate of opponent mentions in debates.
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(a) Top-5 FW overlap score in debates for each candidate
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(b) Top-10 FW overlap score in debates for each candidate
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(c) Top-25 FW overlap score in debates for each candidate

Figure A.12: Fightin’ Words overlap results from debates. Trump’s FW associated with
opponent mentions generally have the lowest overlap in adjective usage compared to other
candidates, which is another indication that his language is distinctive.
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APPENDIX B

LLM PROMPTS FOR FROM FEEDBACK TO CHECKLISTS

B.1 LLM Prompts

gpt-4o is used for checklist generation.

B.1.1 Baselines

System message:

1 You are an expert in clinical documentation. You want to evaluate the quality of a

clinical note. You will generate a list of simple yes/no questions, such that

the "Yes" answer corresponds to a good clinical note.

2 You may optionally specify the specific note section that each question pertains to

. The sections are as follows:

3 - "subjective" includes items taken during verbal exam and typically written in the

chief complaint, history of present illness, and past social history

4 - "objective_exam" includes content from the physical examination on the day of the

visit

5 - "objective_results" includes diagnostics taken prior to the visit, including

laboratory or imaging results

6 - "assessment_and_plan" includes the doctor’s diagnosis and planned tests and

treatments

7 If the question is applicable to the full note, then denote "full" as the pertinent

section.

B.1.2 Feedback Checklists

Proposer’s system message for a given section:
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1 You are an expert in clinical documentation.

2 You will be provided with an itemized list of physician feedback on the {section}

section of medical notes.

3 Your task is to generate a set of yes/no questions that comprehensively reflect

this feedback.

4

5 The questions should aim to identify the presence or absence of good documentation

practices in the {section} section.

6 The questions should be specific to the {section} section and should not reference

or depend on the content of other sections of the medical note.

7 If a feedback item pertains to multiple note sections, focus only on the parts that

apply to {section} content.

8 Each question should ideally address multiple feedback items rather than targeting

only one.

9 Keep questions concise, atomic, and objective; avoid complex sentence structure.

10 For each question, list the corresponding INDICES of the feedback item that are

addressed.

11

12 Avoid overly specific questions; instead, favor general questions that apply across

a variety of medical encounters.

13 Do not include protected health information (PHI) in any questions.

14

15 Use third-person language when referring to the note.

16 A "Yes" answer should indicate that the note meets good clinical documentation

standards.

17

18 Incorporate both positive and negative feedback:
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19 - For negative feedback, generate questions that would flag a note if it exhibited

similar issues.

20 - For positive feedback, generate questions that promote those qualities in all

notes.

21

22 Generate as many questions as necessary to cover the feedback comprehensively.

Assigner’s system message:

1 You will be given an itemized checklist of questions and a user feedback.

2 Indicate which questions cover the feedback. Respond as a list of question item

numbers.

3

4 Questions:

5 {itemized checklist questions}

B.1.3 Unit Tests

System message for re-writing reference notes to fail checklist criteria:

1 You are an expert in clinical documentation. You will be given a checklist question

and a medical note that fulfills the criteria, with respect to the given

clinical transcript.

2 Your task is to rewrite the note so that it fails the criteria with respect to the

transcript.

User message for re-writing reference notes to fail checklist criteria:

1 Transcript: {reference transcript}

2

3 Note: {reference note}
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4

5 Question: {question}

B.1.4 Feedback Coverage

Assigner’s system message:

1 You will be given an itemized checklist of questions and a user feedback.

2 Indicate which questions cover the feedback. Respond as a list of question item

numbers.

3

4 Questions:

5 {itemized checklist questions}
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APPENDIX C

CIVICCHATS SUPPLEMENTARY MATERIAL

C.1 Additional Methodology Details

Tradeoff identification system prompt:

1 You are a content analysis assistant. Identify each distinct TRADEOFF in a

participant’s short written explanation of how they would vote on a ballot

measure.

2

3 A TRADEOFF is a passage in which the participant weighs two or more considerations

against each other when justifying their vote - acknowledging that a

consideration cuts in a different direction from their conclusion (or that two

considerations supporting their conclusion exist in tension), and resolving or

accepting that tension.

4

5 Tradeoffs may be:

6 - WITHIN-STANCE: the participant votes yes but acknowledges a cost or risk of

voting yes (e.g., ’I support stricter penalties even though they may worsen

prison overcrowding’).

7 - BETWEEN-STANCE: the participant weighs an opposing argument against their own (e.

g., ’critics worry about racial disparities, but I think public safety matters

more here’).

8

9 Both count.

10

11 Critical guidance:

12 - Identify tradeoffs SEMANTICALLY. Do NOT require lexical markers like ’but’, ’
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however’, ’on the other hand’, or ’while’. A tradeoff can be expressed without

any of those connectives.

13 - Conversely, the presence of ’but’ or ’however’ does NOT automatically make a

tradeoff. Only count it if two genuinely competing considerations are being

weighed.

14 - Pure stance-only justifications do NOT count. If the participant lists reasons X

and Y that both pull the same direction without tension, that is NOT a tradeoff

.

15 - Mere expression of uncertainty (’I’m not sure’, ’I don’t know enough’) does NOT

count unless it weighs two specific considerations.

16 - A single explanation may contain 0, 1, or several tradeoffs. Only include

genuinely distinct tradeoffs (do not split one weighing into two).

17

18 For each tradeoff, return:

19 - consideration_a: short paraphrase of one side (<=15 words)

20 - consideration_b: short paraphrase of the other side (<=15 words)

21 - evidence_span: a verbatim span from the explanation anchoring the tradeoff (<=25

words)

22 - resolution: ’chose_a’ if the participant ultimately favored consideration_a, ’

chose_b’ if they favored consideration_b, ’unresolved’ if they accepted the

tension without picking a side.

23

24 If the explanation contains no tradeoffs, return an empty list.

Tradeoff identification user prompt:

1 ## Ballot Measure

2 {measure_context}

3
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4 ## Participant’s Decision Explanation

5 {explanation_text}

Structured esponse format:

1 RESPONSE FORMAT (strict JSON schema, name="tradeoff_framing")

2 {

3 "tradeoffs": [

4 {

5 "consideration_a": "<string>",

6 "consideration_b": "<string>",

7 "evidence_span": "<string>",

8 "resolution": "chose_a" | "chose_b" | "unresolved"

9 }

10 ]

11 }

12 All four properties are required; additionalProperties = false.

13

C.2 Chatbot Development and Evaluation

LLM-as-a-Judge is a standard approach for evaluating AI assistant behavior. As such, we

evaluate the chatbot’s conversational behavior using quantitative metrics and structured,

LLM-based rubric scoring. The judge model reviews full conversations against checklists

that capture desired behaviors of the system. These criteria cover factual grounding, tone,

conversation flow, and appropriate levels of informativeness. For the Q&A mode, we measure

evenhandedness around presenting relevant considerations without favoring one side. For

the more discursive modes, we check for appropriate levels of push back of and probing

on user positions while being forthright when it disagrees and avoiding manipulative or
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leading language. We also directly track response latency, and length and FKGL of chatbot

responses compared to user inputs, to emphasize conciseness and accessibility. The deployed

CivicChats personas are based on iterative improvement from rounds of this evaluation.

Chatbot Factuality We conduct factuality evaluation of the AI chatbots, using LLM-as-

a-Judge (gpt-5.4) to extract factual claims from the chat transcripts. Claims are evaluated

against evidence: ballot measure text, RAG context chunks, fetched web URLs, and Bal-

lotpedia sections. The grading is condition-aware, with stricter standards for QA and more

lenient for Reflect and Argue (so that a hedged value-judgment isn’t flagged as a false

claim).

We find that 83.6% of messages are at least partially grounded in the evidence, with

53.5% of messages fully grounded. Across individual claims, only 1.2% of 2,846 claims are

flagged as potentially contradictory, and human annotators resolve that around 75% of these

flags are not contradictory.

Figure C.1: CivicChats.org.

C.3 Public Website

CivicChats.org hosts the chatbot personas as a public resource with additional interfaces
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to explore live ballot measures. The site and data are deployed on a secure departmental

server. Users are informed that their chats are collected and used for research purposes, and

contact information and a feedback form are provided for users who wish to provide feedback

or request removal of their data.
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