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Abstract

Presidential debates are critical platforms for political discourse, yet existing research lacks datasets tailored for
analyzing real-time professional commentary. To address this, we introduce the Dataset on Real-time Commentary in
U.S. Presidential debates (DR-CUP), which aligns U.S. presidential debate transcripts (2016—-2024) with professional
commentary and annotations. DR-CUP supports research on commentary understanding, planning, and generation,
offering insights into expert analysis and its role in contextualizing complex political discourse. In pilot studies, we
evaluated state-of-the-art large language models (LLMs), revealing notable performance differences in understanding
expert commentary and planning for generating professional commentary. DR-CUP is the first dataset to incorporate
real-time cross-document alignment for debate data, providing a comprehensive resource for advancing research in
political communication and computational social science.
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Introduction

Presidential debates have emerged as critical plat-
forms for political discourse, with their transcripts
widely utilized in various research domains (Fein
et al., 2007; Robertson et al., 2019; Haddadan
et al., 2019). These debates provide rich insights
for fields ranging from online crowd reaction anal-
ysis to argument mining and political psychology.
Despite extensive research on presidential debate
data, a significant gap persists: existing studies pre-
dominantly focus either on the debate’s content (Jo
et al., 2020b) or on accompanying social media dis-
cussions (Robertson et al., 2019). Consequently,
a comprehensive dataset tailored for real-time pro-
fessional analysis and commentary of presidential
debates remains unavailable. To address this gap,
we propose the Dataset on Real-time Commentary
in U.S. Presidential debates (DR-CUP), which pro-
vides researchers with a foundation for professional
analysis of presidential debates.

Figure 1 shows an example of a debate tran-
script along with the real-time summary and com-
mentary produced by professional journalists us-
ing the proposed DR-CUP. In the contemporary
media landscape, live commentary (Zhang et al.,
2016; Ishigaki et al., 2021; Marrese-Taylor et al.,
2022) transforms passive viewership into an en-
gaged and contextualized experience. Professional
commentators provide instant analysis, enabling
audiences to navigate the complexities of political
discourse by unpacking nuanced arguments, iden-
tifying strategic communication techniques, and
offering real-time fact-checking alongside historical
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gas production to historic levels.

Summary: While US oil production has been increased to
‘historic levels,” she says, the country has created

KAMALA HARRIS: And | am proud that as vice president
over the last four years, we have invested a trillion dollars in a
clean energy economy while we have also increased domestic
2 manufacturing jobs tied to the clean energy shift.

Commentary (Supplementary Explanation): US oil production
has hit an all-time high under Biden, and the US is a net
exporter of petroleum products, thanks in part to a boom in
exports of liquefied natural gas, according to government data.

Figure 1: Example debate transcript together with
the real-time summary and commentary produced
by professional journalists in the proposed DR-CUP

and policy-related context. Live commentary thus
serves several critical functions in modern political
communication.

First, it enhances accessibility by translating com-
plex political language into insights that resonate
with diverse audiences. By highlighting underly-
ing messages and decoding rhetorical strategies,
commentators make political discussions compre-
hensible to a broader public. Second, professional
analysis deepens the understanding of debates
by uncovering layers of meaning often missed by
untrained observers. Third, in an era marked by
information overload and media polarization, live
commentary delivers balanced, analytically sound
interpretations, guiding audiences through politi-
cal exchanges with clarity and impartiality. The
digital age has further amplified the importance
of live commentary. Social media and streaming
platforms provide instant global access to debates,
and professional commentators play a vital role in
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Dataset Source Period Topic # of Labels
Check-Worthy (Patwari et al., 2017) D 2016 Fact-Checking 2
CLEF (Atanasova et al., 2018) D 2016 Fact-Checking 2
Claim-Rank (Atanasova et al., 2019) D 2016 Fact-Checking 2
CMU (Jo et al., 2020a) R 2016  Proposition Type 4
M-Arg (Mestre et al., 2021) D 2020 Argument Mining 3
DR-CUP (Proposed) D&C 2016-2024 Commentary Aspect 11

Table 1: Dataset comparison. C, R, and D denote commentary, Reddit, and debate, respectively.

shaping public interpretation through real-time fact-
checking, contextual analysis, and expert perspec-
tives. This interpretive layer bridges the gap be-
tween political performances and meaningful pub-
lic understanding. The proposed DR-CUP dataset
offers a pivotal resource for advancing research on
real-time expert commentary understanding, plan-
ning, and generation in political discourse.

In this study, we present the DR-CUP dataset, de-
signed to analyze the dynamics of commentary and
discussion in U.S. political debates. The dataset
encompasses U.S. presidential election debates
spanning from 2016 to 2024, providing aligned tran-
scripts, professional commentary, and manual an-
notations with tailored label designs to facilitate an
in-depth exploration of debate discourse. In our
pilot explorations, we evaluated the applicability of
large language models (LLMs) in understanding
expert-level commentary, planning, and generating
expert-like commentary. Our findings offer initial
insights into the current capabilities and limitations
of LLMs in supporting the understanding and gen-
eration of expert commentary. To the best of our
knowledge, DR-CUP is the first dataset to include
real-time cross-document alignment for presidential
debate data and is among the most comprehen-
sive datasets covering all debates for the 2024 U.S.
presidential election.

Related Work

Datasets capturing various aspects of political dis-
course, particularly U.S. presidential debates, are
crucial for advancing research in areas such as
argument mining, fact-checking, and commentary
analysis. Table 1 presents a comparative anal-
ysis of the proposed DR-CUP dataset and ex-
isting datasets. Prior work has utilized diverse
datasets to explore these dimensions, often focus-
ing on arguments, factual claims, and the struc-
ture of political discourse. For example, the Check-
Worthy dataset (Patwari et al., 2017) and CLEF
dataset (Atanasova et al., 2018), both derived from
debate content, emphasize identifying claims war-
ranting further scrutiny. These datasets feature bi-
nary labels and are tailored to fact-checking tasks.
Similarly, Claim-Rank (Atanasova et al., 2019) pro-
vides annotated data for prioritizing fact-check-

worthy claims, employing machine learning tech-
niques to enhance predictive accuracy. The CMU
dataset (Jo et al., 2020a), sourced from Reddit
commentary on debates, broadens the scope by
categorizing proposition types into four distinct la-
bels. This dataset illustrates the integration of so-
cial media discourse with debate analysis, offering
insights into public reactions and discourse dynam-
ics. Meanwhile, M-Arg (Mestre et al., 2021), a multi-
modal dataset comprising textual and audio records
of the 2020 U.S. presidential debates, focuses on
argument mining through three categories: sup-
port, attack, and neutral. This dataset shows the
increasing adoption of multimodal data to deepen
understanding of argument structures.

Existing datasets typically focus on specific as-
pects of debates, such as factual claims or argu-
ment categories. In contrast, the DR-CUP dataset
broadens the scope by incorporating both debate
transcripts and commentaries from 2016 to 2024.
It categorizes the commentaries into 11 labels, of-
fering a more comprehensive view of the interac-
tion between expert commentary and candidate
statements, making it well-suited for deeper anal-
ysis. Our commentary labels were inspired by
prior work in political discourse analysis and fact-
checking, including the argument-based classifica-
tion framework proposed by (Goffredo et al., 2023).
Beyond fact-checking and argument mining, DR-
CUP is also designed to support emerging tasks
in grounded comment understanding and genera-
tion. For example, (Yang et al., 2019) proposed a
model to generate reader comments on news ar-
ticles, while (Liu et al., 2024) introduced SciNews,
a dataset aimed at transforming scientific content
into accessible news narratives. While DR-CUP
itself is a dataset, it enables similar tasks under
the unique constraint of real-time political debates.
In our experiments, we demonstrate how DR-CUP
can facilitate tasks such as commentary type clas-
sification and real-time comment generation, allow-
ing future models to benchmark performance in
politically salient, time-sensitive contexts.

Dataset

We introduce DR-CUP, a dataset that aligns U.S.
presidential debate transcripts with real-time pro-
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fessional commentary across ten debate events
held between 2016 and 2024. These include presi-
dential, vice presidential, and Republican primary
debates, offering diverse political contexts for anal-
ysis. The dataset contains a total of 2,284 anno-
tated commentary segments, each paired with cor-
responding transcript spans. This setup allows for
fine-grained analysis of how experts interpret, sum-
marize, and critique live political discourse. Our
commentary data is sourced from Bloomberg ex-
pert analysis, while the transcripts are compiled
from records provided by various media outlets.

Label Design

We propose seven main categories to annotate the
dataset, and the Commentator’s Personal Opinion
(CPO) category is further expanded into five subcat-
egories. We also provide example annotations on
our GitHub repository, which include labeled com-
mentary segments and their corresponding debate
transcripts. The following is a detailed description
of each label.

+ Key Summary (KS): This label indicates that the
commentator is summarizing points raised by the
debate moderators or contestants.

+ Supplementary Explanation (SE): This label is
used when the commentator provides additional
context or information sourced from experts,
real-world events, or the current debate situation
without expressing subjective opinions.

+ Commentator’s Personal Opinion (CPO): This
label captures instances where the commentator
voices their viewpoint on a particular issue. It in-
cludes five subcategories:

— Performance of the Contestants (PC): As-
sesses contestants’ discussion performance.

— Candidate Statements (CS): Analyzes spe-
cific claims made by the contenders.

— Analyzing or Conclusions (AC): Involves in-
ferences or conclusions drawn by the commen-
tator about a statement or occurrence.

— Market Performance (MP): Pertains to com-
ments regarding the economic performance of
a nation or stock market trends.

— Others: Covers commentary on topics not
addressed by the other sub-labels.

» Fact-checking (FC): Verifies the accuracy of
candidates’ statements or external rumors.

+ Market Reactions (MR): Highlights commentary
related to economic fluctuations or monetary
market trends.

* Public Opinion (PO): Represents descriptions of
public sentiment on specific issues or polling trends.

+ Commentator’s Question (CQ): Indicates that the
commentator is posing a question about a particular
issue.

Data Annotation

The dataset was compiled using debate scripts
from the U.S. presidential election debates span-
ning 2016 to 2024 (as well as the Republican pri-
mary debates of 2023) and the corresponding pro-
fessional commentary transcripts collected from
Bloomberg. We extracted commentator comments
from scripts and matched them with relevant debate
transcript segments. Each comment was labeled
with its corresponding segment; if no match was
found, the segment was marked as “NO.”

The annotators were non-U.S. graduate stu-
dents with a background in computational linguis-
tics. They engaged in in-depth discussions of
Bloomberg commentaries and debate transcripts.
The commentary label design was not created from
scratch, but rather built upon both observation and
prior research. We first identified common com-
mentary functions from Bloomberg (e.g., summary,
personal opinion), and refined the scheme by incor-
porating insights from argument-based classifica-
tion and fact-checking research in political debates,
especially (Goffredo et al., 2023). Two annotators
performed the annotations, with agreement mea-
sured using Cohen’s Kappa (Cohen, 1960) and
Krippendorff’s a (Krippendorff, 2011). Commen-
tary type labels showed moderate agreement (Lan-
dis, 1977) with scores of 0.6540 and 0.6541.These
results indicate a reasonable level of agreement
between the two annotators, suggesting that the la-
beling scheme we designed is of acceptable quality.
Nonetheless, discrepancies between annotators do
occasionally occur. In such instances, the annota-
tors engage in discussion to reach a consensus on
the most appropriate label.

Annotators labeled each commentary based on
its relationship to the debate segment. The pro-
cess began with a binary distinction between ob-
jective and subjective content. Objective com-
ments—those that restated debate content or intro-
duced verifiable external facts—were categorized
as Key Summary, Fact-Checking, Supplementary
Explanation, Observation on Public Opinion, or
Observation on Market Reaction. Subjective com-
ments were further classified into five subtypes of
Commentator’s Personal Opinion (CPO), based on
their tone or focus (e.g., evaluation of performance,
analytical inference). Comments that posed ques-
tions were labeled as Commentator’s Question.
The annotators followed a shared internal guideline
based on this decision procedure and conducted
initial trial annotations to calibrate their understand-
ing. Disagreements were resolved collaboratively.
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CPO
Year Event KS FC | SE | CQ | PO | MR BC TGS T AC [ MP [ Others Total
2016 | First U.S. Presidential Debate 119 3 12 0 1 9 16 20 4 1 7 192
2016 | Second U.S. Presidential Debate 166 | 24 12 5 0 4 19 10 6 0 14 260
2016 | Third U.S. Presidential Debate 154 | 22 26 0 2 9 25 9 6 0 9 262
2020 | First U.S. Presidential Debate 234 6 | 104 1 3 2 12 14 4 0 5 385
2020 | U.S. Vice Presidential Debate 155 8 53 2 0 0 6 11 2 0 4 241
2020 | U.S. Presidential Debate 221 5 70 0 1 1 8 12 1 0 3 322
2023 | GOP Presidential Debate 94 3 24 0 0 0 8 5 1 0 3 138
2023 | GOP Presidential Debate 50 3 3 0 0 0 9 10 0 0 2 77
2024 | Biden-Trump Presidential Debate 76 | 13 11 0 1 9 11 8 4 2 1 136
2024 | Harris-Trump Presidential Debate 128 | 12 68 0 4 6 8 22| 16 1 6 271
Total 1,389 | 99 | 384 9| 12| 40 | 123 | 124 | 44 4 55 | 2,284

Table 2: This table presents the results of our statistical analysis of the labels from each debate.

Year Event Sen. Char.
Trans. Comm. | Trans. Comm.
2016 | 1st Pres. 689 515 | 51,000 51,051
2016 | 2nd Pres. 511 261 | 39,176 24,646
2016 | 3rd Pres. 295 145 | 24,616 17,810
2020 | 1st Pres. 538 258 | 46,929 28,444
2020 | VP Debate 711 580 | 47,497 37,816
2020 | 2nd Pres. 387 466 | 38,148 32,567
2023 | GOP Pres. 868 801 | 54,395 53,965
2023 | GOP Pres. 651 752 | 49,788 49,738
2024 | Biden-Trump | 617 715 | 49,143 44,758
2024 | Harris-Trump | 448 439 | 33,105 24,709
Total 5715 4,932 | 433,797 365,504
Table 3: Total Char.(Characters) and
Sen.(Sentences) counts across debates.
Trans.(Transcript) counts exclude fragments

labeled as ‘No’. Comm. stands for Commentary.
Statistics

Table 2 summarizes the annotation statistics. Key
Summary dominates with 60.84% of 2,283 com-
mentaries, showing its role in distilling key points
and rephrasing debates for clarity. We acknowl-
edge the class imbalance, as over 60% of the
comments are labeled as Key Summary. How-
ever, this reflects the label’s intended function: to
capture commentators’ objective descriptions of
debate events. Since a large proportion of ex-
pert comments focus on summarizing candidates’
statements and overall debate dynamics, we found
this distribution to be appropriate and thus did not
modify the label design. Supplementary Explana-
tion and Commentator’s Personal Opinion follow
at 16.82% and 15.33%, highlighting the challenge
of automating commentary due to reliance on ex-
ternal knowledge. Fact-checking, a key focus in
prior datasets, appears in this dataset, with notably
higher instances in the 2016 and 2024 presidential
debates than in 2020. Table 3 presents the scale
of our dataset, detailing the sentence and word
counts for both transcripts and commentaries.
This distinction between objective (summary-like)
and subjective (opinion-based) commentary is cen-
tral to our annotation framework. Notably, within
the Commentator’s Personal Opinion (CPO) cate-
gory, most commentary focuses on evaluating the
Performance of the Contestants (PC)—this subcat-

Party Authenticity | 2016 2020 2024
Democratic True 16 2 4
False 3 2 3
. True 8 3 0
Republican e 23 12 18

Table 4: Fine-grained labels on the Fact-Check
category.

egory is the most frequent among CPO comments.
In contrast, observations on Market Reactions (MR)
are extremely rare, making it one of the least rep-
resented labels in the entire dataset. This indi-
cates that real-time expert commentary tends to
emphasize subjective assessments of debate per-
formance, while references to market reactions are
much less common, reflecting the typical focus of
professional commentators during live coverage.

The fact-checking category is further analyzed
by political party (Democratic/Republican) and au-
thenticity (true/false). Table 4 shows that false in-
formation persists in 2024, even in major debates.
The dataset enables research on topics like fact-
checking, opinion mining, and summarization using
DR-CUP subsets.

Experimental Setting

Task

We introduce three tasks based on the proposed
dataset: commentary understanding, commentary
planning, and commentary generation. Table 5
provides an overview. Commentary understanding
categorizes a given commentary into one of 11
defined categories, requiring the LLM to perform
this classification. This serves as a benchmark for
model evaluation and enables automatic labeling.

With the advancement of LLMs, models can in-
creasingly assist professionals; however, generat-
ing commentary remains challenging, as discussed
in Section Statistics, with over 33% involving exter-
nal knowledge. We propose the task of commen-
tary planning, wherein models predict the type of
commentary professionals would produce from a
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Task | Input Output
Understanding | Commentary Label (11 classes)
Planning Debate transcript Label (11 classes)
Generation Debate transcript Commentary

Table 5: Overview of the three tasks defined on the
DR-CUP dataset.

debate transcript, thereby facilitating real-time sug-
gestions. In summary, commentary understanding
classifies existing content, while commentary plan-
ning anticipates relevant aspects from a debate.

Furthermore, we utilize the predefined labels with
LLMs to emulate human experts in generating com-
mentaries based on debate transcripts. Specifi-
cally, for the generation task, the model is given a
segment of the debate transcript as input and is
required to generate a plausible expert-style com-
mentary corresponding to that segment. Our ob-
jective is to examine the differences between LLM-
generated commentaries and those authored by
human experts.

Evaluation

We evaluate four high-performing LLMs: GPT-
40, Claude 3.5-Sonnet, Gemini 2.0-Flash, and
DeepSeek R1-1776. Two prompting schemes,
zero-shot and few-shot, are employed. In the zero-
shot scheme, only the definition of each label is
provided. In the few-shot scheme, two examples
per label are included to enable in-context learning.
We make all prompt templates and in-context ex-
amples used in our experiments publicly available
in our GitHub repository. For the understanding
and planning tasks, we adopt both micro-F1 and
macro-F1 scores as evaluation metrics.

For the generation task, we employ BLEU,
ROUGE, and BERTScore to measure the similar-
ity between generated and professional commen-
taries. Additionally, we introduce an evaluation
scheme in which LLMs, acting as proxies for the
general public, rate the commentaries—providing
a more objective complement to the subjective se-
lection process. In the main evaluation, we focus
on three high-performing API-based LLMs: GPT-
40, Claude 3.5-Sonnet, and Gemini 2.0-Flash. Al-
though DeepSeek R1-1776 (70B) was considered,
it was excluded from the main experiments due to
its significantly smaller parameter size compared
to the other three APl models, in order to ensure
consistency and comparability in our results.

We categorize all labels into two groups: Key-
Summary, grouped under the Summary category,
and the remaining ten labels under the Commen-
tary category. Different evaluation criteria are de-
fined for each. Our design is inspired by the con-
cept of news value as defined in (Bednarek, 2010),
adapted to assess the quality of commentary in

the debate domain. This classification is grounded
in the distinction between objective and subjective
commentary. Key-Summary represents objective
recounting of debate events, whereas the ten Com-
mentary labels involve more subjective interpreta-
tions, evaluations, or reasoning. By incorporating
this division, we can align each group with differ-
ent communicative intents—factual clarity versus
analytical depth—and formulate evaluation criteria
accordingly. This approach not only builds on the
principles of (Bednarek, 2010), but also facilitates
more targeted assessment in downstream tasks
such as summary quality scoring and commentary
generation. Below are the definitions of the evalua-
tion aspects.

» Summary Scoring Metrics (1-5 scale):

— Evidentiality (Evi.): Measures the relevance
between the summary and the debate tran-
script.

— Style: Evaluates the writing style and presen-
tation quality of the summary.

— Reliability (Re.): Assesses consistency with
the factual content of the transcript.

— Comprehensibility (Com.): Evaluates
whether the summary enables the general
public to clearly understand the transcript
content.

+ Commentary Scoring Metrics (1-5 scale):

— Importance (Imp.): Measures the relevance
and societal impact of the commentary.

— Comprehensibility (Comp.): Assesses clar-
ity and the effective conveyance of the com-
mentator’'s message.

— Expectedness (Exp.): Evaluates alignment
with or deviation from public expectations, i.e.,
the degree of surprise.

— Possibility (Po.): Assesses the plausibility of
the events or reasoning described.
— Reliability (Rel.): Evaluates the trustworthi-

ness of the commentary; higher scores indi-
cate greater credibility.

Experimental Result

Understanding and Planning

Table 6 presents the experimental results of com-
mentary understanding and commentary planning.
Due to the significant imbalance in label distribution,
the discussion emphasizes the macro-F1 scores.
In addition, we also conducted the McNemar test.
The baseline represents an ideal condition and is
therefore excluded from the test. First, irrespective
of the LLM used, the few-shot scheme improves
performance in commentary understanding. Sec-
ond, although GPT-40 achieves the highest per-
formance in the commentary understanding task,
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Scheme Tosk LLM Mic?ong?rg?\;l]:(i:r:g F1 | Micro Egannli;l]gcro F1 Professionals
Majority 06084  0.0688 | 0.6084  0.0688 KS SE CPO Others
GPT-40 05910 0.3803° | 0.4638  0.0648" ) ) ) )

Zero-shot  Claude 3.5 Sonnet | 0.5684 0.3534 0.4911*  0.0606 S,, KS 42.51% 5.96% 4.67% 0.16%
Gemini-2.0-flash 03784 03022 |0.4755  0.0530 Al SE 1.93% 6.76% 1.61% 2.09%
DeepSeek R1-1776 | 0.3430  0.3010 | 0.0934  0.0469 o o o o
Majority 0.6084 0.0688 | 0.6084  0.0688 83 CPO 6.28% 3.54% 12.88% 0.64%
GPT-40 0.6071* 0.4631* | 0.3462  0.0674 Others 4.03% 0.97% 0.48% 5.48%

Few-Shot Claude 3.5 Sonnet | 0.5427
Gemini-2.0-flash 0.3462
DeepSeek R1-1776 | 0.4003

0.4037
0.3521
0.2824

0.4122~
0.1450
0.1836

0.0838*
0.0689
0.0737

Table 6: Experimental results of commentary under-
standing and commentary planning. The majority
for the planning task always predicts the most fre-
quent label, Key Summary. * denotes statistically
significant differences between the best-performing
and the second-best models according to the Mc-
Nemar test (p < 0.05). The baseline represents an
ideal condition and is therefore excluded from the
test.

it attains only a macro-F1 score of 0.4631. This
result shows that understanding commentary con-
tent remains a challenge even for these advanced
LLMs. Third, across all tasks, the performance of
Gemini is significantly inferior to that of other LLMs,
as confirmed by the McNemar test, This observa-
tion offers an important insight for future studies
that aim to utilize the proposed tasks and dataset,
suggesting careful consideration of LLM selection.

When comparing the performance gap between
commentary understanding and planning tasks, it
becomes evident that planning is more challenging
than understanding. This is attributed to the plau-
sibility of all options in the planning task. Profes-
sional commentators leverage not only information
from the debate itself but also external sources that
provide insights into the global political landscape,
enabling more accurate and informed commentary.
In contrast, the current approach relies solely on
debate information and does not effectively incor-
porate external data.

Importantly, our experiments further show that
for the planning task, the simple baseline method
of always predicting the most frequent label Key-
Summary achieves higher micro-F1 and a macro-
F1 that is competitive with, but not uniformly su-
perior to LLM-based models. This counterintuitive
result suggests that, under the current data dis-
tribution and alignment strategy, LLMs struggle
to extract sufficiently meaningful cues from tran-
script segments and are unable to outperform sim-
ple frequency-based heuristics. Several factors
may contribute to this phenomenon. First, not all
commentary categories have clear evidence in the
transcript—categories such as fact-checking, mar-
ket response, or high-level inference often rely on
external information beyond the debate transcript.
Second, our annotation protocol aligns commen-
taries to transcript spans and sometimes aggre-
gates multiple segments, which can dilute the dis-

Table 7: GPT-40 Confusion matrix for the commen-
tary understanding task. KS, SE, and CPO denote
Key-Summary, Supplementary Explanation, and
Commentator’s Personal Opinion categories.

criminative signals necessary for accurate predic-
tion. In the few-shot setting, the context accessible
to the model is limited to a narrow window of debate
transcript, further increasing prediction uncertainty
and randomness, especially for low-frequency or
externally informed labels.

To enable LLMs to emulate expert-level perfor-
mance more closely, it may be necessary to fine-
tune the models with expert knowledge and up-to-
date political context. This represents a promising
avenue for future research.

Table 7, Table 8, and Table 9 present the
confusion matrices for each task using the best-
performing model under few-shot settings. Ta-
ble 7 shows the model struggles most with dis-
tinguishing between Key-Summary and Supple-
mentary Explanation (extracted vs. paraphrased
content). Because the understanding task provides
only the commentary, without the corresponding
transcript. To examine the effect of this limitation,
we conducted an additional experiment on the 2024
Biden-Trump Presidential Debate where both the
commentary and transcript were given as input,
allowing us to assess the impact of transcript infor-
mation on classification performance. As shown
in Table 8, the result is that adding aligned tran-
scripts improved Key-Summary recall from 77.64%
to 80.88%, highlighting their value in providing con-
textual grounding for classification. Table 9 shows
that the model often generates summaries during
commentary planning, even without exposure to
imbalanced training data. It also lacks the pro-
fessional judgment to seek additional information
when needed. Notably, the model frequently of-
fers opinions where experts would only summarize,
highlighting that deciding when to present opinions
remains a key challenge.

To distinguish the performance of different mod-
els and determine whether there are statistically sig-
nificant links between the outputs of distinct LLMs,
we adopt the McNemar test (McNemar, 1947), a
widely used technique in social science. Although,
overall, most pairwise model comparisons reveal
statistically significant differences—indicating that
distinct LLMs indeed exhibit varying performance
patterns in understanding and planning tasks—a
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Figure 3: The evaluation results of different LLMs on commentaries.

Professionals

KS SE CPO Others
o KS 77.65% 34.58% 23.77% 0.81%
B SE 3.583% 39.25% 8.20% 34.68%
£ CPO |11.47% 2056% 6557%  4.95%
G Others | 7.35% 5.61% 2.46% 59.57%
< KS 80.88%* 16.82% 15.57% 0.81%
2 SE 3.583% 34.58% 4.92% 7.26%
E CPO 9.71% 39.25% 76.23%* 29.95%
G Others | 5.88% 9.35% 3.28% 61.99%*

Table 8: Confusion matrices (Recall) of GPT-40 for
the commentary understanding task. Comparing
the impact of aligned transcripts on the 2024 Biden-
Trump Presidential Debate.

few comparisons did not reach statistical signifi-
cance (p > 0.05). The comparison between Gem-
ini and DeepSeek was not statistically significant,
suggesting no substantial difference in their perfor-
mance on understanding tasks. This may imply
similar comprehension strategies or error distribu-
tions between the two models.

On the other hand, Planning Task contains
more instances of non-significant results. In
planning tasks, models such as Gemini, Claude,
and DeepSeek may exhibit more consistent ap-
proaches, resulting in less pronounced differences
compared to those observed in understanding
tasks. These non-significant comparisons serve
as a reminder that, while general performance dif-
ferences exist among models, some LLMs may
converge in their behavior on specific task types.

Therefore, when aiming to generate diverse com-
mentary, it may be beneficial to select LLMs that
demonstrate distinct behavioral patterns, thereby
enhancing the richness and variety of the output.

Commentary Generation

By using traditional evaluation metrics, GPT-40,
Gemini, Claude, and DeepSeek got BLEU scores
of 0.0024, 0.0058, 0.0075, and 0.0073 respec-
tively; ROUGE scores of 0.0832, 0.1053, 0.1134,
and 0.1050; and BERTScores of 0.8324, 0.8448,
0.8472, and 0.8442. Both BLEU and ROUGE
scores are relatively low, while BERTScore per-
forms notably well. While n-gram-based metrics
such as ROUGE and BLEU, as well as seman-
tic similarity metrics like BERTScore, are suitable
for quantifying the surface and semantic similarity
between generated and reference commentaries,
they do not fully capture the diversity and multi-
faceted nature of expert commentary. To capture
the diversity and multifaceted nature of expert re-
views as thoroughly as possible, we referred to
the news value concept proposed by (Bednarek,
2010) and defined different evaluation dimensions
for both the Key-Summary and the Commentary.
Our results indicate that LLM-generated commen-
taries can differ in wording and content details from
human experts, yet still appear reasonable and flu-
ent. Manual validation (Tables 9) further shows
that, in several dimensions, the LLMs’ outputs are
comparable to human commentaries. Therefore,
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Professionals

KS SE CPO Others

o KS 39.29% 11.76% 15.30% 7.09%
T SE 0.48% 0.00% 0.00% 0.00%
‘6" CPO 9.34% 3.86% 3.06% 0.64%
Others 5.64% 1.61% 1.29% 0.32%

Table 9: Claude3.5-Sonnet Confusion matrix for
the commentary planning task. KS, SE, and CPO
denote Key-Summary, Supplementary Explanation,
and Commentator’s Personal Opinion categories.

instead of relying solely on automatic metrics, we
also adopt a news value framework to analyze the
generated commentaries across multiple dimen-
sions. This approach enables a more comprehen-
sive assessment of commentary quality, capturing
both textual similarity and human-judged value.

Figure 2 and 3 presents the evaluation results
using GPT-40, Gemini, and Claude as evaluator
models. First, all models exhibit a common phe-
nomenon: when evaluating content generated by
themselves, they tend to assign relatively higher
scores compared to those given to outputs from
other models. Notably, Gemini tends to assign
markedly lower scores when evaluating outputs
from GPT-40, and Claude gives particularly low
scores to summaries written by experts.

Second, in terms of commentary evaluations,
all models consistently assign higher scores to
expert-written commentaries across various dimen-
sions. This supports the validity of our evalua-
tion framework in capturing the qualities of expert-
level commentary. Furthermore, although commer-
cial APls generally achieve slightly higher scores
than DeepSeek, an interesting observation is that
DeepSeek, having utilized a considerable amount
of data distilled from GPT, performs relatively well
under GPT’s evaluations, but fares worse under
evaluations from Gemini and Claude. At this point,
it remains difficult to definitively determine which
model performs best overall. However, we empha-
size that our proposed evaluation criteria and frame-
work are capable of effectively identifying the pro-
fessional features characteristic of expert-written
commentary.

To further our investigation, we engaged two un-
dergraduate students to perform the same eval-
uation using the same criteria. Each annotator
scored 50 summaries and 50 commentaries per
LLM and expert, resulting in a total of 500 evalua-
tions. Table 10 and 11 shows the average results
from the three LLMs and two human raters. First,
human evaluators consistently gave higher scores
to expert-written summaries, indicating that these
summaries are better aligned with the debate tran-
scripts and more effectively capture the key themes
and issues than those produced by LLMs. In con-
trast, GPT-generated summaries received the low-

LLM Gemini

Evi. | 3.62(1.91)

Style | 3.69(1.78)

Re. | 3.61(1.90)

Com. | 8.79(1.77)
Annotator Gemini

Evi. | 3.62(1.53)

Style | 3.67(1.00)

Re. | 3.18(1.51)

Com. | 3.36(1.24)

GPT-40
2.49(1.71) )
3.24(2.02) )
2.49(1.68) 3.65(1.92)
2.96(1.61) )
GPT-40

Claude DeepSeek Pro
3.45(1.88)
3.52(1.79) 3.55(1.74
3.37(1.86)
3.62(1.70)
DeepSeek Pro

1.15(0.43) 3.61(1.59) 3.58(1.60) 4.27(0.99)
2.40(0.98) 3.84(0.89) 3.63(1.08) 3.45(1.11)
1.09(0.34) 3.20(1.54) 3.27(1.52) 3.78(1.13)
1.62(1.00) 3.55(1.23) 3.74(1.26) 4.37(0.85)

Table 10: Average results of LLM and human an-
notators for summaries

LLM Gemini
Imp. | 3.78(1.86)
Comp. | 3.81(1.89)
Exp. | 3.03(1.60)
Po. | 3.86(1.99)
Rel. | 3.57(1.75)
Annotator Gemini

GPT-40
3.86(2.00)
4.01(2.17)
3.10(1.64)
)
)

Claude
3.65(1.84)
3.80(2.02)
3.01(1.59)

)
)

DeepSeek Pro
3.79(1.87) 3.46(1.83)
3.22(1.98) 4.04(2.19)
3.17(1.66) 3.11(1.74)
) )
) )

4.01(2.13
3.62(1.89
GPT-40

3.77(2.02
3.41(1.83
Claude

3.90(2.06) 4.23(2.32
3.73(1.84) 3.81(1.99
DeepSeek Pro
Imp. | 3.83(0.84) 3.70(0.97) 3.90(0.85) 3.83(0.94) 3.70(1.02)
Comp. | 4.23(0.67) 4.51(0.62) 4.22(0.50) 4.23(0.83) 4.51(0.63)
Exp. | 1.94(0.85) 2.18(0.92) 2.04(0.87) 1.94(0.80) 2.18(0.86)
Po. | 3.83(0.58) 3.78(0.55) 3.90(0.45) 3.83(0.66) 3.78(0.45)
Rel. | 3.89(0.58) 3.90(0.55) 3.98(0.46) 3.89(0.63) 3.90(0.56)

Table 11: Average results of LLM and human an-
notators for commentaries

est ratings, suggesting challenges in summarizing
debate content effectively. Ranking-wise, Gemini’'s
evaluations showed the highest alignment with hu-
man judgments.

Conclusion and Future Direction

This paper introduced DR-CUP, a dataset that
aligns U.S. presidential debate transcripts with real-
time professional commentary from 2016 to 2024.
This resource provides a foundation for studying
commentary understanding, planning, and genera-
tion, and fills a critical gap in political discourse
research by incorporating expert-level analysis
across a wide range of debate contexts. Through
extensive pilot experiments, we benchmarked state-
of-the-art LLMs on multiple tasks and revealed the
challenges these models face, especially in gener-
ating insightful and context-rich commentary.

The DR-CUP dataset opens new directions in
NLP and political communication. By aligning pro-
fessional commentary with debate transcripts, it en-
ables research on Al-generated political commen-
tary that integrates external knowledge like real-
time news or policy documents for richer, context-
aware analysis. Beyond technical advances, DR-
CUP supports interdisciplinary studies on how ex-
pert commentary shapes public opinion and audi-
ence perception during high-stakes debates. Cur-
rently, it draws mainly from Bloomberg, which en-
sures quality but limits ideological diversity. Future
versions could include more sources to broaden
coverage and improve model generalization.
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Ethics Statements and Limitations

The first limitation is that about 33% of the commen-
tary relies on external knowledge, such as expert
information, real-world events, or the current de-
bate context. Since the model is limited to using
only the debate transcript, it struggles to generate
expert-level commentary and lacks the ability to
query supplementary materials, which further re-
stricts its capacity to provide deeper insights.

The second limitation of our paper is that the
model tends to generate summaries rather than
more subjective supplementary explanations and
opinions. This is because the majority (60.84%) of
the commentary in the dataset is labeled as Key
Summary, while Supplementary Explanation and
"Commentator’s Personal Opinion" are relatively
less frequent. We retained all 11 categories during
annotation, despite the fact that some categories
are heavily imbalanced, in order to faithfully reflect
the composition of professional commentary. In
the future, we will consider adjusting the labeling
scheme in response to data imbalance or augment-
ing commentaries from other media sources to mit-
igate the effects of skewed distributions on model
performance.
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A. Appendices

A.1. Annotation and Evaluation Workflow

To ensure the reproducibility of our dataset and
address the detailed setup of our human annota-
tion and evaluation, we provide further specifics
regarding our protocols. The data annotation was
conducted by two non-U.S. graduate students with
backgrounds in computational linguistics, while the
evaluation of the generation quality was performed
by two different non-U.S. undergraduate students.
To ensure ethical research practices, all partici-
pants received reasonable compensation that met
local standard hourly wage rates.

Annotation. During the initial phase, the two an-
notators conducted independent annotations on
the same complete debate event. When label dis-
agreements occurred, they engaged in collabora-
tive discussions until a consensus was reached
to determine the final labels. Using this agreed-
upon standard as a baseline calibration, they then
divided the workload to process the remaining de-
bate data. For each segment, the judgment pro-
cess was strictly based on the predefined label
definitions and textual content, ensuring careful
alignment with the debate transcripts.

Evaluation. For the generation quality evalua-
tion, the 50 evaluated instances (summaries and
commentaries) were randomly sampled exclusively
from the four debate events held between 2023
and 2024. We deliberately chose not to provide
prior training on U.S. politics to the evaluators. Be-
cause the target audience for professional expert
commentary is the general public, having under-
graduate students without special political training
perform the evaluation more authentically simulates
the perception and comprehension levels of gen-
eral readers when consuming these commentaries.

Inter-evaluator agreement. Table 12 presents
the results of the inter-evaluator comparison. We
primarily compared the feedback provided by the
two annotators after they reviewed the expert com-
mentary. The results indicate a divergence in their
preferences, suggesting that professional commen-
tary elicits varying responses depending on the
individual reader.
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Comm. | Cohens Kappa | Sum. | Cohens Kappa

Imp. 0.0941 Evi. 0.1037
Comp. 0.1140 | Style 0.0799
Exp. 0.2046 Re. 0.1736
Po. 0.0007 | Com. -0.0320
Rel. -0.0447

Table 12: The kappa results of comparison be-
tween two human evaluators.

Compared model

Reference GPT Gemini Claude DeepSeek
Zero-shot

GPT - 1.9e-50 1.5e-2 3.85e-40

Gemini 1.9e-50 - 5.9e-2 1.0e-3

Claude 1.5e-2 5.9e-2 - 2.39e-6

DeepSeek 3.85e-40 1.0e-3  2.39%e-6 -
Few-shot

GPT - 2.31e-57 4.09e-30 4.93e-32

Gemini 2.31e-57 - 3.53e-19 1.80e-12

Claude 4.09e-30 3.53e-19 - 2.68e-1

DeepSeek 4.93e-32 1.80e-12  2.68e-1 -

Table 13: McNemar test p-values for commentary
understanding. Values < 0.05 indicate rejection of
the null hypothesis. The results highlighted in bold
are statistically significant.

A.2. Comparison Between Different
Models

To distinguish the performance of different models
and determine whether there are statistically signifi-
cant links between the outputs of distinct LLMs., we
adopt the McNemar test (McNemar, 1947), a widely
used technique in social science. Tables 13 and 14
present the test results for the Understanding and
Planning tasks, respectively. Each table compares
different LLMs, with the p-values representing the
outcomes of the McNemar tests.

Although, overall, most pairwise model com-
parisons reveal statistically significant differ-
ences—indicating that distinct LLMs indeed exhibit
varying performance patterns in understanding and
planning tasks—a few comparisons did not reach
statistical significance (p > 0.05). In Table 13 (Un-
derstanding Task), the comparison between Gem-
ini and DeepSeek was not statistically significant,
suggesting no substantial difference in their perfor-
mance on understanding tasks. This may imply
similar comprehension strategies or error distribu-
tions between the two models.

On the other hand, Table 14 (Planning Task) con-
tains more instances of non-significant results. In
planning tasks, models such as Gemini, Claude,
and DeepSeek may exhibit more consistent ap-
proaches, resulting in less pronounced differences
compared to those observed in understanding
tasks. These non-significant comparisons serve

Reference GPT Gemini Claude DeepSeek
Zero-shot

GPT — 3.52e-44 1.71e-41 3.85e-40

Gemini 3.52e-44 - 1.5e-2 1.55e-1

Claude 1.71e-41 1.5e-2 - 2.72e-1

DeepSeek 3.85e-40  1.55e-1 2.72e-1 -
Few-shot

GPT — 7.99e-22 1.49e-24 1.96e-13

Gemini 7.99e-22 - 5.9e-2 1.0e-3

Claude 1.49e-24 5.9e-2 - 2.39¢e-6

DeepSeek 1.96e-13 1.0e-3  2.39e-6 -

Table 14: McNemar test p-values for commentary
planning.

= Gemini = GPT-40 total =Claude
DeepSeek Pro
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Figure 4: The results of text readability evaluation
by different indicators.

as a reminder that, while general performance dif-
ferences exist among models, some LLMs may
converge in their behavior on specific task types.
Therefore, when aiming to generate diverse com-
mentary, it may be beneficial to select LLMs that
demonstrate distinct behavioral patterns, thereby
enhancing the richness and variety of the output.

A.3. Readability

We examined the differences between texts gener-
ated by LLMs and those written by human experts,
focusing on textual complexity. We utilized several
readability metrics, including the Flesch-Kincaid
Grade Level (Kincaid et al., 1975), Coleman-Liau
Index (Coleman and Liau, 1975), Automated Read-
ability Index (Smith and Senter, 1967), as well as
the number of sentences (# Sen) as an indicator of
text length. As illustrated in Figure 4, expert-written
texts consistently scored markedly lower across all
four metrics compared to those generated by LLMs.
This suggests that expert-authored content tends
to be more concise and easier to read. In contrast,
LLM-generated texts are generally more verbose
and expansive in scope, which can diminish their
overall readability.

A.4. Prompt Format

The comprehensive prompt templates for all tasks,
along with a selection of our experimental results,
are hosted at https://lurl.cc/sCEFVjk.
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