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Abstract

Multi-document ~ diversity  summarization
(MDDS) in high-stakes domains such as crisis
response demands fundamentally different
capabilities than consensus-based summa-
rization. While standard summarization
focuses on fluency and faithfulness, high-
stakes tasks would also require: maximizing
coverage of divergent information, identifying
unique information clusters, and providing
verifiable citations to source documents.
Existing evaluation frameworks fail to capture
these task-specific requirements. Our study
introduces a comprehensive evaluation frame-
work for high-stakes MDDS, validated on a
multi-source crisis dataset that we developed
covering ten crisis events. We propose
novel metrics, Comprehensive Coverage
Score, Frequency-Salience Correlation, and
Citation-Frequency Correlation, to diagnose
critical failure modes in six off-the-shelf large
language models (LLMs). Our results allowed
us to identify three critical failure modes
of LLMs: (1) a consensus trap in coverage:
where models capture high-level information
clusters, but miss specific, actionable details
needed for decision-making; (2) majority
bias, where more frequent information is
prioritized over rare but important ones and;
(3) a verifiability gap, where citations of rare
claims are less reliable.

1 Introduction

Large language models (LLM) have demonstrated
remarkable capabilities to generate fluent and co-
herent text. In some settings, they can rival
well-paid freelancers in writing news summaries
(Zhang et al., 2024a). However, the rapid adoption
of LLMs for automatic summarization raises con-
cern on whether current evaluation practices ade-
quately capture the full-scope of requirements of
different summarization tasks. LLMs are becom-
ing the default tool for automatic multi-document
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summarization, even being introduced and de-
ployed in high-stakes domains (Lei et al., 2025;
Heddaya et al., 2025; Tang et al., 2023). In these
settings, it is essential to evaluate not only flu-
ency and faithfulness, but also task-specific re-
quirements.

Huang et al. (2024) differentiate summariza-
tion approaches that require consensus of in-
formation and those that require the breadth of
differing viewpoints. For example, movie re-
view summaries, news summaries, and executive
briefings summaries would require the most fre-
quently occurring elements; the goal is to find
where the sources most agree upon (Fabbri et al.,
2019). However, in other contexts, such as cri-
sis response and investigative journalism, the re-
quirement shifts towards coverage: capturing all
the diverse information from sources or differ-
ent perspectives (Huang et al., 2024; McCreadie
and Buntain, 2023; Tang et al., 2025). Huang
et al. (2024) formalized multi-document diver-
sity summarization (MDDS) as the task of gen-
erating a summary that faithfully captures all the
diverse information presented in the input sources.

Current evaluation of MDDS remains insuf-
ficient for high-stakes domains. For example,
Huang et al.’s 2024 evaluation relies primarily
on LLM-as-a-judge, which reduces interpretabil-
ity and introduces potential bias, as previous
studies of LLM-evaluating-LLLM have shown (Ye
et al., 2025; Gu et al., 2026). Furthermore, ex-
isting literature has largely focused on measur-
ing faithfulness (whether summaries contain hal-
lucinations) and general fluency (whether sum-
maries are coherent). While these dimensions
are still necessary, they are insufficient for high-
stakes MDDS where the consequences of incom-
plete coverage are real (resource allocation and de-
layed response), i.e., a potential cause of harm.

In addition, existing datasets and annotation
frameworks are inadequate to evaluate the high-
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stakes MDDS requirements in real-world settings.
For example, Laban et al. (2024) used an LLM to
generate a dataset covering 92 summary haystacks
of insights, however, their dataset is both con-
trolled for insight count (instead of natural fre-
quency distribution) and lacks representative in-
formation per insight group. These design choices
limit the ability to diagnose the full range of re-
quirements in the high-stakes task.

The primary challenge is that LLMs are not
neutral information processors (Gallegos et al.,
2024; Steen and Markert, 2024). In a cri-
sis scenario, LLMs may fall into a consensus
trap—capturing high-level, frequently mentioned
themes while systematically omitting actionable
details from rare sources (e.g., where people are
needing rescue or which shelters are full). Cur-
rent summarization metrics fail to capture major-
ity bias—the tendency to prioritize more frequent
information. Hence, we focus on how LLMs max-
imize coverage across the frequency spectrum of
information sources (e.g., official evacuation call
from ten (10) news sources vs. two (2) posts of
people trapped) and how they attribute informa-
tion to input sources.

We argue that high-stakes MDDS requires a
fundamentally different set of standards, and we
investigate this in the crisis summarization task.
Note that we focus on query-based (focusing on
human impact) summarization. We identify three
core requirements for this task: (1) maximizing
information coverage by integrating all divergent,
and possibly conflicting information that charac-
terizes the sources, (2) grouping redundant infor-
mation into unique information clusters and iden-
tifying a representative information item per clus-
ter, and (3) attributing the summary by citing
all the source documents of all summary infor-
mation items. We refer the requirement (3) as
grounding equity. Grounding equity is when at-
tribution is applied consistently, regardless of fre-
quency, which means that rare claims are as reli-
able (grounded) as frequent claims.

In this work, we tackle the limitations and ad-
dress these requirements by developing an evalu-
ation framework for the high-stakes MDDS task.
Our main contributions are:

¢ Evaluation framework for high-stakes
MDDS for crisis events: we develop an an-
notation framework that allows for the task-
specific requirements of crisis summariza-

tion. We applied the framework to develop a
dataset aligned for the evaluation. To do this,
we leverage the existing CrisisFacts dataset
(McCreadie and Buntain, 2023) to construct
a task focused on human impact and welfare
information as the target concept, across ten
crisis events using data from multiple plat-
forms i.e., news, X (formerly Twitter), Face-
book, and Reddit.

» Task-specific novel evaluation metrics for
MDDS: we introduce metrics that measure
the specific requirements for MDDS in high-
stakes settings: Comprehensive Coverage
Score, Frequency-Salience Correlation and
Citation-Frequency Correlation . These met-
rics measure diverse information coverage,
majority bias detection, and verifiability go-
ing beyond LLM-as-a-judge evaluations used
in previous MDDS work.

* Comprehensive Analysis of LLMs in crisis
MDDS task: we investigate the performance
of six closed and open-sourced LLMs.

Our results allowed us to identify three critical
failure modes of LLLMs in the high-stakes MDDS
task. First, we observed a consensus trap in cover-
age: while models capture high-level information
clusters, they struggle to report the specific, ac-
tionable details needed for decision-making. Sec-
ond, LLMs exhibit majority bias, prioritizing in-
formation frequency in summary creation. Third,
we identified a verifiability gap, where citation re-
liability is also influenced by frequency.

2 Related Work

We position our work within research areas on
evaluation metrics for summarization, MDDS,
dataset limitations, and bias detection.
Evaluation Metrics for Multi-Document
Summarization. Traditional evaluation relies
heavily on n-gram overlap metrics like ROUGE,
which measures the lexical overlap between sys-
tem and reference summaries (Lin, 2004). Recent
work has addressed n-gram-based limitations by
introducing contextual embedding-based metrics,
such as BERTScore (Zhang et al., 2020) and
BARTScore (Yuan et al., 2021), but they still
struggle particularly in multi-document or longer
context settings (Fabbri et al., 2021; Guo and
Vosoughi, 2023; Wang et al., 2023). Faithfulness
metrics assess whether summaries introduce
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hallucinated content not present in the source
(Maynez et al., 2020; Laban et al., 2022; Tang
et al., 2024; Zha et al., 2023), but they evaluate
what is present in the summary, not what is miss-
ing, making them blind to incomplete coverage of
low-frequency claims.

Diverse Information Coverage and MDDS.
Recent work has formalized MDDS to address
coverage needs (Huang et al., 2024; Zhang et al.,
2024b). Both Huang et al. (2024) and Laban et al.
(2024) proposed LL.M-as-a-judge metrics for cov-
erage, but neither distinguishes between identify-
ing broad clusters and reporting specific action-
able details. Our work extends this by proposing
Comprehensive Coverage Score designed to take
into account both breadth and depth of coverage.

A parallel coverage challenge is maintaining fo-
cus on the target information need. We introduce
Coverage Disparity (non-target concept score) to
quantify how much a summary covers tangential
topics (e.g., animal welfare or dogs in shelters).
While faithfulness metrics (Laban et al., 2022;
Tang et al., 2024; Zha et al., 2023) ensure that
summaries do not hallucinate information, they
fail to catch source-supported non-target concepts.
In high-stakes settings, a summary that spends
15% of its output on animal welfare instead of hu-
man impact diminishes real-world utility.

Limitations of Existing Datasets for MDDS.
Existing MDDS and crisis summarization datasets
are inadequate for diagnosing frequency-aware
coverage, majority bias, and grounding equity.
The original CrisisFacts Dataset (McCreadie and
Buntain, 2023) provides real-world multi-platform
crisis streams across crisis events but lacks man-
ually annotated reference summaries. They de-
veloped gold summaries based on pooled task
submissions (consensus-based), where NIST as-
sessors provided relevance and redundancy judg-
ments (McCreadie and Buntain, 2023). This lacks
claim/information-level frequency data, unique
cluster annotations, and citations. DiverseSumm
(Huang et al., 2024) is news only and provides
answer clusters without annotating answer clus-
ter representatives. Laban et al. (2024) provided a
framework to synthesize summary haystacks con-
taining pre-selected insights. However, it lacks the
natural frequency distribution present in real crisis
data, thus, cannot diagnose majority bias.

Detecting Bias in Summarization. LLM sum-
marization inherits social and content-selection bi-
ases (Gallegos et al., 2024; Zhou et al., 2025;

Steen and Markert, 2024; Zhang et al., 2024b).
Studies have focused on identifying and measur-
ing social biases in language models, particularly
related to gender and race (Steen and Markert,
2024; Anantaprayoon et al., 2024; Liang et al.,
2023), as well as measuring position bias in sum-
marization (Chhabra et al.,, 2024; Olabisi and
Agrawal, 2024; Ravaut et al., 2024). However,
majority bias, remains underexplored. Huang
et al. (2024) noted that long-context LLMs had
better coverage for more frequently occurring an-
swers; however, they did not operationalize this
observation into a metric.

Attribution and Verifiability. As LLMs are
increasingly introduced and deployed in high-
stakes domains, verifiable attribution is critical
(dela Cruz et al., 2025). Benchmarks were intro-
duced to evaluate LLMs’ ability to ground their
output with citations (Li et al., 2024; Clark et al.,
2023). Li et al. (2024) and Laban et al. (2024) as-
sessed overall citation quality with precision, re-
call, and F1-score metrics, but they treat all facts
or clusters uniformly and did not examine cita-
tion reliability on a granular level. In high-stakes
MDDS, end users would most need reliable cita-
tions for rare, therefore, harder to verify claims
(McCreadie and Buntain, 2023). In our work, we
introduce Citation-Frequency correlation, a novel
metric that measures grounding equity.

3 Task Formulation

We study high-stakes MDDS in a crisis setting,
where each input document is a time-stamped post
from one of four different online platforms, i.e.,
Facebook, X, Reddit, and News (McCreadie and
Buntain, 2023).

New CrisisFacts Summarization Task. We con-
struct a new high-stakes MDDS task grounded in
the CrisisFacts dataset (McCreadie and Buntain,
2023) to reflect the decision-making needs of dis-
aster management. The CrisisFacts task broadly
asked, “What critical new developments have oc-
curred today that I need to know about?”, which
was accompanied by up to 52 queries covering ev-
erything from infrastructure damage to emergency
response. (McCreadie and Buntain, 2023).

To isolate the high-stakes requirements of
MDDS, we significantly narrow this scope. For
each event-day, we focus exclusively on direct
reports of human impact and welfare. This re-
duced the scope to the data associated with seven
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targeted queries: How many people are affected
(evacuated)?, How many people are in shelters?,
etc. The full list is found in Appendix A.1.

Given an input batch of event-day posts, an
ideal LLM summary should satisfy the core re-
quirements of high-stakes MDDS:

1. Information Coverage: Identify all posts
relevant to human impact and welfare.

2. Information Clustering: Group relevant
posts into unique information clusters that re-
port similar information. Identify a represen-
tative post for each cluster.

3. Grounding Equity: Cite all the supporting
source posts for each information cluster, re-
gardless of frequency of information.

No existing annotation framework currently
supports the evaluation of the three core require-
ments simultaneously in real-world crisis-settings.
For example, the reference summaries for Crisis-
Facts task was based on pooled system submis-
sions where assessors provided relevance and re-
dundancy judgments (McCreadie and Buntain,
2023). Their framework does not group redundant
information clusters, select representative spans or
enforce source citation. Therefore, a new annota-
tion framework is necessary for evaluation.
Manual Gold Summary Construction. We con-
structed a new gold standard summary based on
the original CrisisFacts task dataset (McCreadie
and Buntain, 2023). We performed manual an-
notation on batches of 100 posts per event-day,
grouped by timestamp. The manual annotation
process consisted of three steps: (1) Relevance an-
notation, (2) Redundancy check and cluster cre-
ation and (3) Representative post selection. A rep-
resentative post is selected as the single most in-
formative post in each cluster (a cluster contains
highly similar information but differ in specificity,
phrasing, or completeness). This annotation pro-
cess reflects how emergency responders and disas-
ter managers receive updates in streaming batches
of online media data, not as a single document.
The 100-post batch size was chosen to be suffi-
ciently large to reflect realistic manual annotation
difficulty—where LLM assistance can be helpful
and where it is within context-range so LLMs can
still be reliable. The full annotation process de-
scription is in Appendix A.2.

The final manual gold summary consists of the
resulting list of representative posts (gold) which

are extractive, non-repeating, highly relevant posts
with the citation of all sources.

4 Experimental Setup
4.1 Dataset

As previously mentioned, we created our dataset
by leveraging the CrisisFacts Dataset (Mc-
Creadie and Buntain, 2023). We run our exper-
iments on ten (10) crisis events from the Crisis-
Facts dataset that had open access. We employed
sampling and preprocessing steps to arrive at the
final dataset as described in Appendix A.1. Our
final dataset includes 11,770 documents from 63
days of crisis (Table 4). We release the dataset in
and annotation protocol in Dela Cruz et al. (2026).

4.2 Models

We chose commonly used off-the-shelf LLMs. We
used GPT 40-mini (OpenAl, 2024), GPT 5-mini
(OpenAl, 2025), Llama 3.1-8B Instruct (Llama
Team, 2024), Llama 3.2-3B Instruct (Llama Team,
2024), and Mistral NeMo (Mistral Al Team,
2024), and Qwen 3-4B (Yang et al., 2025). They
were chosen because they are commonly used by
both researchers and practitioners. Details about
the models are in Appendix B.

4.3 Evaluation Metrics

Table 1 shows the overview of the evaluation
metrics and the key questions they address. Our
evaluation framework directly addresses the three
core requirements for high-stakes MDDS. Figure
1 shows a walkthrough example LLM summary
evaluation for an event-day batch.

Requirement 1: Information Coverage

Factual Accuracy (Table 1, row 2). We evaluate
the factual accuracy of the LLM summaries using
the fact matching metrics from CrisisFacts (Mc-
Creadie and Buntain, 2023). We measure Com-
prehensiveness (recall-oriented overlap between
LLM summary and the manually annotated human
impact relevant set) and Redundancy (precision-
oriented ratio of matched LLM summary and all
generated summary), and report the F1-score. Our
evaluation focuses on matching the presence of in-
formation via the LLM’s generated citations and
does not evaluate full faithfulness (text-matching).
Comprehensive Coverage Score (Table 1, row
2). We measure coverage by how well the sum-
mary includes all relevant information. Cov-
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Requirement Evaluation Aspect

(Metric)

Key Question Answered

Factual Accuracy
(Factual F1-score)

Maximizing
Information Coverage

Coverage
(Comprehensive Coverage Score)

Coverage Disparity
(non-target concept score)

To what extent does the summary capture verified
human impact information while minimizing re-
dundancy?

Does the summary balance breadth (finding all rel-
evant information clusters) with depth (reporting
the representative post)?

How much summary content is diverted to tangen-
tial topics (e.g., animal welfare) instead of the core
information need?

Information Clustering  Majority Bias

Frequency-Salience Correlation (p)

Are high-frequency information clusters systemat-
ically prioritized while marginalizing rare but crit-
ical ones within the relevant set?

Attributing to Sources Verifiability
Citation Score (F1-score)
Grounding Equity

Citation-Frequency Correlation (p)

Are summary clusters correctly attributed to their
source documents?

Are citations for rare information clusters less reli-
able (more prone to hallucination) than for frequent
ones?

Table 1: Summary of evaluation metrics. We assess performance across three core requirements of high-stakes
multi-document diversity summarization (MDDS): (1) maximizing information coverage, (2) information cluster-
ing and selecting representative information, and (3) attributing to sources.

LLM Predicted Summary

(7 Clusters/ 9 Posts)

Reference Summary (Ranked by Frequency)
(7 Clusters /17 Posts)

V Freq Rank #1 (n = 5)

About 900 people were in shelters and approximately 850 horses were
being sheltered at the Del Mar Fairgrounds. [News-81-26]

Approximately 25 race horses were killed when about eight barns burned.
[Twitter-30570-0]

. At least 65 structures were destroyed, roughly 4,100 acres burned, and
reports indicated 6 people injured with 0% containment at one update.
[Twitter-15563-0]

Del Mar Fairgrounds is urgently requesting water, help, hoses, hay,
halters/leads, scissors and volunteers to assist evacuated animals.
[Twitter-3148-0] [Twitter-38112-0]

tt

More than 450 horses were cut loose at a training facility to prevent them
being trapped if barns caught fire. [Facebook-1319-0]

Officials reported about 20,000 people evacuated from the area. [News-
81-20]

. Three civilians sustained burn injuries, and one civilian was treated for
smoke inhalation. [Twitter-25964-0] [News-81-15]

Existing/Derived Metrics
Factual Accuracy (Precision) = [Matched:5/9] =55%
Factual Accuracy (Recall) = [Matched: 5/17] = 29%
Factual Accuracy (F1) = 38%
+Non—target Concept Score =3/7 =43%

¢ Citation Score (F1) = (75+50+50)/7 = 25%

V'

8:35 AM: The CW San Diego @thecwsandiego #LilacFire UPDATE: At least 65
structures destroyed, 4,100 acres scorched, 0% containment, 6 people
injured. [Facebook-1754-0] [Twitter-25964-0] [Twitter-47482-0] [News-81-
15] [Twitter-15563-0
v Citation Score: P:100, R: 60, F1= 759
Freq Rank #2 (n=4)
COUNTY SCHOOL CLOSURES At least 900 people in shelters as of 10 a.m.

Friday; about 850 horses at Del Mar Fairgrounds, officials said. [News-81-26
[Twitter-12139-0] [Twitter-4926-0] [Twitter-15208-0]

v Citation Score: P:100, R: 33, F1=509
Freq Rank #3.5 (n=3)
* 23000 people evacuated in San Diego #LilacFire <URL> [Twitter-29307-0]
News-81-20] [Twitter-29307-0]
v Citation Score: P:100, R: 33, F1=50 ¢
*  Since fires broke out in S. California this week, nearly 200,000 people have
been forced to evacuate their homes. [Facebook-1418-0] [Facebook-2011-0]
[Facebook-2065-0]
Freq Rank #6 (n =1)
*  BROKEN WING PRAYER REQUEST California is now in a State of Emergency
As of last night, two rescue teams are reported missing. [Facebook-1840-0]
*  Overnight, about 615 people took refuge in 13 #RedCross and community
shelters, and hundreds more visited the shelt... <URL> [Twitter-16690-0]
* 80 people at the Palomar College Shelter. Can handle 350 people. Pets
welcome. #LilacFire [Twitter-46247-0]

(1) Comprehensive Coverage

\/Coverage (Cluster) = 3/7 = 43%
MCoverage (Gold) =1/7=14%

Proposed Evaluation Metrics

(2) Frequency-Salience Correlation

Freq Rank (X) =[1, 2, 3.5, 3.5, 6, 6, 6]
Salience (Y)=[1,1,1,0,0, 0, 0]

(3) Citation-Frequency Correlation

Freq Rank (X) =[1, 2, 3.5, 3.5, 6, 6, 6]
Cite Score (Y) =[75, 50, 50, 0, 0, 0, 0]

3.1
Comprehensive _ 2:?‘? = 21% p=rpp(X,Y) ~ —0.83
Coverage Score ;+;

p=r:(X,Y) =~ —0.88

Balances breadth (finding all relevant clusters)
with depth (reporting the representative post)

Evaluates majority bias towards more frequent
posts (large negative value confirms the bias)

Evaluates grounding equity across attribution of
frequent vs. rare facts.

Figure 1: Walkthrough of the evaluation pipeline comparing an LLM predicted summary (left, GPT-5-mini) against
reference human impact summary (right) for an event-day batch of Lilac Wildfire event on February 8, 2017. Green
check marks (¢) denote covered clusters (Coverage (Cluster)), the gold check mark (+) marks representative
gold post match (Coverage (Gold)), stars () indicate non-target tangential posts (about animal welfare), and
blue diamonds (@) indicate Citation F1 Scores. The blue box show the derivation of our proposed metrics: (1)
Comprehensive Coverage Score measures the balance between breadth and depth of coverage; (2) Frequency-
Salience Correlation (p = —0.83) measures majority bias toward frequent clusters; and (3) Citation-Frequency
Correlation (p = —0.88) diagnoses the verifiability gap on rare facts.
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erage (Cluster) scores 1 per covered cluster (at
least one item covered), 0 otherwise. Coverage
(Gold) scores 1 per fully covered representative
post (Gold) per cluster. We introduce a novel
metric, Comprehensive Coverage Score, which is
the harmonic mean of both coverage scores (0-1
range). It balances the breadth vs. depth of the
information covered.

Coverage Disparity (Table 1, row 3). We
introduce non-target concept score, to quantify
the degree to which the summary is distracted
by non-human impact information that are tan-
gential to core information need. We classify
each summary information item as “Target”
or “Non-Target”, using an easy-to-implement
keyword-based classification approach based on
an ontology of target and non-target concepts.
While highly efficient, this method may be less
robust to synonyms and paraphrasing.

Requirement 2: Information Clustering
Frequency-Salience Correlation (Table 1, row
4). We measure the relationship between fre-
quency of posts in a cluster (cluster size) and
selection salience within the human impact rele-
vant set. Our scope reflects the dataset’s anno-
tation process, which only clustered redundancy
within the relevant set, while the much larger non-
relevant set was not clustered.

We introduce the Frequency-Salience correla-
tion (p) metric. For each event-day batch (100
posts), let {f;} be the set of human-impact clus-
ters in that batch. For each cluster f;:

* Frequency Rank( f;): Rank of the cluster
(f;) by redundancy count (1 = most fre-
quent).

* Salience( f;): 1 if the summary contains > 1
item from f;, O otherwise; this was also re-
ferred to as Coverage (Cluster).

For each event-day batch, we compute:
p = Point-Biserial({Salience( f;)}, {Rank(f;)})

Values where p < 0, indicates majority bias
(higher-ranked clusters more likely selected).
A high negative correlation (p < 0) indicates
majority bias, where more frequent human-impact
posts in the source are systematically more likely
to be selected. A low correlation suggests that
selection relies more by other factors such as
relevance or diversity.

Requirement 3: Attributing to Sources
Citation Score (Table 1, row 5). To ensure veri-
fiable summaries, we use Citation Score, adapted
from Laban et al. (2024), to measure how effec-
tively the LLM grounds its summary statements
in source documents. We compute the F1l-score
of precision and recall between the generated cita-
tions for each cluster and the reference cluster ci-
tations. The final Citation Score is reported as the
macro-average F1-score across all reference clus-
ters.

Citation-Frequency Correlation (Table 1, row
6). To assess grounding equity, we compute
the Citation-Frequency correlation: the Spearman
correlation (p) between a cluster’s frequency rank
and its Citation Score. Negative mean p indicates
that citations for rare posts are less reliable than
for frequent ones.

4.4 Prompts

Our prompts were constructed with reference to
our annotation framework and the original Crisis-
Facts task. We based our prompt format on Laban
et al. (2024), as our desired output was similar.
Output summaries are in bullet-points with cita-
tion to source ID’s in bracket format, e.g., [News-
3-4][Twitter-2-7]. Lastly, we restricted the out-
put to be a maximum of seven (7) bullets which
was the maximum number of clusters in the ref-
erence summaries, and as length is a known con-
founding factor in summarization evaluation (Guo
and Vosoughi, 2023; Liu et al., 2023; Laban et al.,
2024). The full prompt is found in Appendix C.

5 Results

The summary of the performance of the LLMs in
high-stakes MDDS is found in Table 2.

Factual Accuracy

The results of the factual accuracy evaluation of
the LLMs in MDDS are found in Table 3. We
observed that the crisis summarization task is dif-
ficult for LLMs with comprehensiveness scores
ranging from 34.15 to 46.37, redundancy scores
ranging from 27.47 to 42.17 and F1-score values
of 29.21 to 37.15.

Comprehensive Coverage

Figure 2 summarizes the LLMs performance in
MDDS with respect to the coverage metrics. We
compute the coverage per batch of 100-post event-
days and average these across all the summaries.
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Diverse Information Coverage Majority Bias Verifiability
Factual Comprehensive Coverage Frequency- Citation Citation-
Model Accuracy Coverage Disparity Salience Score Frequency
(F1-score) T Score T (non-target) | Score (p) (F1-score) T Score (p)
Llama 3.2-3B 30.11 37.17 3.13 -0.42 35.11 -0.16
Llama 3.1-8B 36.09 44.20 3.85 -0.48 43.40 -0.19
Qwen 3 4B 29.21 39.08 5.55 -0.46 36.47 -0.19
Mistral NeMo 37.10 45.79 391 -0.52 43.29 -0.27
GPT 40-mini 34.88 45.39 4.20 -0.47 43.34 -0.24
GPT 5-mini 37.15 54.58 4.36 -0.30 49.60 0.04

Table 2: Results of MDDS are reported based on the summary requirements: (1) Diverse Information Coverage is
measured by Factual Accuracy (F1-score of matching all relevant facts), Comprehensive Coverage Score (balance
of breadth and depth of information selection), Coverage Disparity (percentage of tangential information), (2)
Majority Bias is measured by the Frequency-Salience Correlation (relationship between clusters’ frequency rank
and salience of information) and (3) Verifiability is measured by Citation Score (reliability of LLM citations) and
Citation-Frequency Correlation (relationship between clusters’ frequency rank and Citation Score).

Model Comprehen-  Redundancy  Fl1-
siveness (Preci- score
(Recall) sion)
Llama 3.2-3B 34.15 33.78 30.11
Llama 3.1-8B 41.71 40.59 36.09
Qwen 3 4B 36.49 27.47 29.21
Mistral NeMo 42.73 42.17 37.10
GPT 40-mini 42.31 36.56 34.88
GPT 5-mini 46.37 38.54 37.15

Table 3: Factual Accuracy: Performance of LLMs in
MDDS, comparing LLM summary to the Human Im-
pact (Relevant Set).

We observed that LLMs have higher Coverage
(Cluster) scores than Coverage (Gold) scores, in-
dicating finding at least one relevant post per clus-
ter is relatively easier than identifying the rep-
resentative post. The Comprehensive Coverage
scores range from 37.17 to 54.58, with GPT 5-
mini having the highest coverage (Table 2).
Coverage Disparity

We observe quite low average non-target concept
scores that are all below 6% (Table 2), which
means LLMs are not easily distracted with non-
information needs. We further looked into each
crisis event to see whether this is true for every
event (see Figure 3). We observe that the non-
target concept scores are highly dependent on the
type of crisis event being summarized. For exam-
ple, all the LLLMs have struggles on Lilac Wild-
fire with non-target concept scores from 10.32% to
18.19% and Saddleridge Wildfire with non-target
concept scores of 4.2% to 9.52%.

Majority Bias

We present the mean event-day batch frequency-
salience correlation values of the LLMs in Table 2.
There is a consistent negative correlation between
the frequency rank of an information cluster and

[ 10 20 30 40 50 60 70

Llama 3.2-3B
Llama 3.1-8B
Qwen 34B
Mistral NeMo
GPT 40-mini
GPT 5-mini

W Coverage (Cluster) W Coverage (Gold) m Comprehensive Coverage

Figure 2: Coverage Scores: Performance of LLMs
in MDDS, comparing LLM summary to the reference
summary. Comprehensive Coverage is the harmonic
mean of Coverage (Cluster): coverage to any item in a
cluster and Coverage (Gold): coverage of the represen-
tative post in a cluster.

the cluster’s selection in the LLM summary. This
means that LL.Ms tend to prioritize selecting more
frequent facts and exhibit majority bias.
Verifiability

Citation Scores (Table 2) account for both the pre-
cision and recall of the LLMs’ attribution to input
documents. GPT 5-mini has the highest Citation
Score at 49.60, followed by GPT 40-mini at 43.34.

As for grounding equity, we observed that there
is a low negative mean event-day batch correlation
between the Citation Score and the frequency rank
of an information cluster for all the LLMs except
for GPT 5-mini. These values reflect directional
trends aggregated across event-day batches.
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Model
Event
Llama3.2 | Llama3.1 Qwen 3 |Mistral Nemo| GPT 40-mini| GPT 5-mini

001 Lilac Wildfire 10.32 12.96 14.81 12.17 13.23 18.19
002 Cranston Wildfire 2.08 1.98 7.14 3.17 2.78 3.77
003 Holy Wildfire 4.76 7.14 8.33 7.34 5.95 0
004 Hurricane Florence 0.51 1.19 2.04 0.68 1.19 2.38
005 Maryland Floods 0 0 0 0 0 0
006 Saddleridge Wildfire|  6.55 4.2 8.33 8.33 9.52 4.76
007 Hurricane Laura 3.57 9 3.57 0 0 0
008 Hurricane Sally 0 0.89 0 0 0.89 0
011 Rutherford Floods 2.86 1.43 4.29 2.86 1.43 1.43
013 Edenville Dam Failure 1.43 0 0 0 0 1.43

Figure 3: Coverage Disparity across ten crisis events,
measured by non-target concept scores (percentage of
summary items covering tangential topics, e.g., animal
welfare). Red cells indicate higher distraction, while
green cells indicate low to zero distraction.

6 Discussion

Our findings suggest that while LLMs seem to
have achieved fluency, they systemically fail to
meet the core requirements of the high-stakes
MDDS task. We identify three critical ways in
which LLMs fail to meet the demands of the task:
(1) the consensus trap in coverage, (2) the safety
risks of majority bias and (3) the reliability gap
in verification. In this section, we unpack these
findings and their implications.

The Coverage Consensus Trap: Breadth
without Depth. Our evaluation of the coverage
performance of LLMs revealed that while models
show relatively high competence in identifying
high-level information clusters (Coverage (Clus-
ter)), they struggle to recover the specific and
granular details that define the representative item
(Coverage (Gold)). The coverage consensus trap
refines observations from Huang et al. (2024) and
Laban et al. (2024) about coverage into a failure
mode that is specific to high-stakes MDDS. In
short, LLMs tend to function as “smoothing”
narrators. When presented with multi-document
and multi-source information, they focus on
high-level information that captures the main gist.
This behavior, although useful for consensus-
based summarization (Fabbri et al., 2019; Zhang
et al., 2024a), in crisis response, where specific
actionable information are critical (e.g., where
rescue is needed), is a failure mode.

Annotation Challenge and Human Decision-
Making. We hypothesize that the consensus

trap reflects the underlying difficulty of the
MDDS task formulation and annotation design.
During the manual annotation process, we found
that identifying unique information clusters is a
difficult task, specifically to resolving/grouping
similar clusters. For example, as shown in Figure
1 reference summary, reports of “80 people at
Palomar College Shelter” overlapped in a way
with “Overnight, about 615 people took refuge
in 13 Community shelters”. Rather than forcing
resolution, our annotation decision emphasizes
that specific, potentially conflicting information
must be preserved. The final decision-making
should be passed on to the human emergency
response officer or disaster manager and the
LLM should present all specific variations. In
high-stakes settings, the human decision-maker
must retain full control in resolving ambiguity.
Coverage Disparity is an Event-Specific Con-
cern. We observed that coverage disparity
(non-target concept score) is not uniform but
highly event-dependent (see Figure 3). While
the average non-target concept score was low
at <6% (see Table 2), specific events like the
001 Lilac Wildfire went up to over 18%. This
complements prior findings that summarization
metrics and models can be sensitive to length and
topical confounders (Guo and Vosoughi, 2023;
Chhabra et al., 2024; Laban et al., 2024). Error
analysis revealed that this is driven by event-
specific lexical overlap. In wildfire events, for
example, reports of “human impact and welfare”
frequently overlap with “animal welfare” (e.g.,
horses affected or sheltered, dogs needing rescue).
LLMs seem to struggle to distinguish these topics
due to high lexical overlap with frequent use of
words such as evacuation, shelter, and rescue.
This means that there is a need for disambiguation
and event-specific requirements, where current
zero-shot settings fail.

Majority Bias as a Safety Risk. Our fre-
quency—salience analysis extends the literature
on bias in summarization and language mod-
els—often focused on social or position bias
(Anantaprayoon et al., 2024; Steen and Markert,
2024; Olabisi and Agrawal, 2024; Ravaut et al.,
2024; Zhou et al., 2025)—to content-selection
bias over redundant versus rare information. We
identify that majority bias is a prevalent issue
in our task. Our finding further confirms the
observation of Huang et al. (2024), where they
noted that long-context LLMs tend to have better
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coverage for more frequent answers. We show
that frequency can be a source of inequitable
selection. Our metric demonstrates that majority
bias is not just a qualitative or theoretical con-
cern but a measurable behavior across models.
The consistent negative correlation supports
the broader claim that LLMs are not neutral
information processors (Gallegos et al., 2024;
Liang et al., 2023). Instead, they tend to amplify
information that is repeated across different
source documents and, consequently, pass over
infrequent information.

The Reliability Gap in Verification. While
verifiable summaries are a prerequisite for trust,
especially in high-stakes settings (dela Cruz et al.,
2025), our Citation Score average values between
35.11 and 49.60 indicate that more than half of
the generated facts are not properly grounded in
source documents, a finding in line with Laban
et al.’s (2024) work. Our novel metric, Citation-
Frequency correlation adds a frequency-aware
perspective that previous benchmarks (Laban
et al., 2024; Li et al., 2024) lack. Our results
show a reliability gap: negative correlation of
Citation Score and frequency of relevant facts
for five out of the six LLMs. This negative
correlation, although low, means that we observe
LLMs tend to misattribute citations exactly when
the information is rarer, which is where, in crisis
response, our end users would most need to verify
the information. This creates a pitfall: models
are most reliable verifying frequent/common facts
(easier to verify) and least reliable when reporting
unique and less frequent facts.

Implications on High-stakes MDDS. Our
novel metrics—Comprehensive Coverage Score,
Frequency-Salience correlation, and Citation-
Frequency correlation—provide wuseful tools
that complements existing metrics rather than
replacing them, making explicit the consensus
trap, coverage disparity, majority bias, and
inequitable grounding that standard evaluation
pipelines—including those based on LLM-
as-a-judge (Huang et al., 2024; Laban et al.,
2024)—cannot reliably expose.

Although we carry out our investigation in cri-
sis response, the same three requirements and met-
rics are also applicable to other high-stakes MDDS
domains where omissions and unverifiable claims
can cause harm. For example, in the medical do-
main, LLM-generated hospital summaries can be
evaluated not only on overall quality assessments

(Challener et al., 2026), but also in frequency-
aware properties. In legal and regulatory settings,
case summaries can be evaluated to complement
specificity, sensitivity, and clarity metrics (Hed-
daya et al., 2025). Overall, adopting our high-
stakes MDDS requirements as an evaluation tem-
plate allows practitioners to tailor-fit evaluation to
their own domain, while incorporating tests for
failure modes that current summarization bench-
marks are not designed to detect.

7 Conclusion

We investigate MDDS task in high-stakes set-
tings, where summaries must go beyond consen-
sus by covering all the diverse information, re-
ducing redundancy into unique information clus-
ters, and equitably grounding claims. To sup-
port evaluation under these requirements, we con-
struct a new multi-source dataset adapted from
CrisisFacts (McCreadie and Buntain, 2023) across
ten crisis events, and introduce a manual annota-
tion pipeline that identifies relevant human-impact
posts, clusters redundant reports, selects a repre-
sentative item per cluster, and cites all source doc-
uments. We propose a set of novel metrics aligned
to task: Comprehensive Coverage Score to capture
breadth and depth jointly, Frequency-Salience cor-
relation to quantify majority bias in content selec-
tion, and Citation-Frequency correlation to assess
grounding equity.

Our analysis of six commonly used LLMs, re-
vealed three critical failure modes. First, the con-
sensus trap shows that models capture high-level
information clusters while missing specific action-
able details. Second, LLMs systematically exhibit
majority bias, prioritizing more frequent facts.
Third, there is a verifiability gap among most of
the LLMs, except GPT 5-mini, meaning there are
unreliable citations precisely when verification is
most needed for rare facts. Our proposed evalua-
tion framework offers a practical and interpretable
toolkit for diagnosing coverage, majority bias, and
grounding equity not only in crisis response but
can also be adopted in other high-stakes settings
where omissions and weakly grounding of infor-
mation cause harm.

Limitations

Our study has several limitations. We focus on
English-only crisis events from 2017-2020 col-
lected from CrisisFacts (McCreadie and Buntain,
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2023); generalizability to other languages, time
periods, or crisis types requires validation. Our
dataset construction was based on a single expert
annotator and validated with a 10% sample based
on another expert annotator. Our human annota-
tor (first author) is fluent in English and has rel-
evant experience in crisis informatics and corpus
linguistics. The second annotator is fluent in En-
glish and has relevant experience in corpus and
computational linguistics. The inter-rater reliabil-
ity scores, measured across each step of the anno-
tation process, suggest that the annotation pipeline
is reliable across all three stages, with strongest
agreement in relevance annotation and substantial
agreement in both clustering and representative
selection (Appendix A.2). Representative selec-
tion remains the most subjective stage, but the ob-
served macro F1-score indicates substantial align-
ment once relevance is established.

We note that we restricted our output summaries
into seven bullets based on the maximum number
clusters in the reference summaries. This was not
tested to be an optimal deployment setting. This
length constraints could have had possible interac-
tion with our metrics.

Our  Frequency-Salience and  Citation-
Frequency metrics focus on the relevant set
(clustered for redundancy) rather than the full
document set, limiting our analysis of how non-
relevant but frequent topics distract models. Our
Non-target concept score is based on keyword
matching and could be brittle and not capture
off-topic concepts that use paraphrasing. This
score is introduced as a measure within the maxi-
mizing information coverage requirement and can
still be improved. Finally, we test off-the-shelf
models without exploring prompting strategies
or fine-tuning approaches that might mitigate
identified biases.

Ethical Considerations

The source dataset used in this paper are derived
from publicly available dataset which were col-
lected tweets from X (previously, Twitter), Face-
book Posts, Reddit Posts and News items. For
more information about the data collection, see
McCreadie and Buntain’s (2023) paper. The
dataset used in this work contains crisis-related
content including reports of deaths, injuries, miss-
ing persons, and displaced populations. These-
lected sample, the constructed manual gold sum-

mary dataset constructed and the annotation proto-
col are available in Dela Cruz et al. (2026). Read-
ers and future users of this dataset may find this
content distressing.

Our work aspires to support practitioners in
high-stakes scenarios. Our work demonstrates
measurable progress of LLMs in the high-stakes
MDDS task. We note that current performance of
LLMs in the current prompt configuration, they do
not achieve the task-specific requirements needed
for unsupervised deployment. Therefore, there is
a potential risk that readers misinterpret the readi-
ness of the technology for use, and move too
quickly to adapt without guarantees of reliabil-
ity. However, we also caution against the pre-
mature abandonment of the use of LLMS for the
MDDS task. The diagnosable failure modes of
these LLMs in the task suggest that targeted meth-
ods for iterative improvement can be explored fur-
ther with domain expertise.

We recognize that the annotation work for
this summarization task carries emotional burden.
The documents included posts that contain re-
ports of injuries, casualties, missing persons, and
widespread infrastructure damage. Asking an-
notators to read, group, and select representative
posts carries inherent psychological risks. An-
notators were informed and warned beforehand
about the sensitive nature of the task prior to par-
ticipation. They were encouraged to take breaks
or opt out if the task became overwhelming.
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A Data and Annotation

A.1 Data

Queries about Human Impact and Welfare:

* How many people are affected (evacuated)?
* How many people are in shelters?

* How many people are missing?

* How many people are trapped?

* How many people have been injured?

* How many people have been killed?

* What at-risk groups are being impacted?

Preprocessing. We replaced URLs in the posts
with <URL> tokens and ran an initial exact match
deduplication of posts. We follow a two-stage re-
trieval approach consisting of DFreeKlim-based
retrieval (Amati et al., 2011) and subsequent
MonoT5 neural reranking (Nogueira et al., 2020).
This two-stage approach was known to perform
well with crisis data settings (Seeberger and Ried-
hammer, 2023). We selected up to the top 15 posts
per query per day. This design was based on man-
ual verification, where beyond this count already
contained multiple duplicates.

Then, we further deduplicated the posts using
a combination of TF-IDF vectorization and co-
sine similarity at threshold of 0.85 to detect near-
duplicate posts, with the post with the highest
MonoTS5 relevance was kept.

The overview description of the dataset used in
the experiment is in Table 4.

A.2 Manual Gold Summary Annotation

The annotation process followed three steps, as
shown in Figure 4:

1. Relevance Annotation: Posts were anno-
tated to determine if they belonged to the Hu-
man Impact (Relevant Set).

2. Redundancy Check and Cluster Creation:
We checked the Relevant Set for redundant
posts. We grouped posts reporting the same
information into unique information clusters.

3. Representative Post Selection: We selected
the single most informative post in each clus-
ter as the representative post. If the posts are
very similar, we select the first post as repre-
sentative.

Inter-Annotator Agreement. We sampled 10%
of the 100-post event-day batches to compute for
inter-annotator agreement scores for the three lev-
els of annotation following each annotation step
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Event # of days # of # of gold facts # of relevant # of
summaries (clusters) facts (relevant documents
set)
All Events 63 126 630 1,125 11,770
Lilac Wildfire 2017 9 19 79 152 1,740
Cranston Wildfire 2018 6 12 71 154 1,115
Holy Wildfire 2018 6 12 42 69 1,200
Hurricane Florence 2019 14 30 158 287 2,675
Maryland Floods 2018 4 8 39 74 800
Saddleridge Wildfire 2019 4 9 66 123 882
Hurricane Laura 2020 2 5 38 49 450
Hurricane Sally 2020 8 12 66 103 1,144
Rutherford Floods 2020 5 9 41 54 818
Edenville Dam Failure 2020 5 10 30 60 946

Table 4: CrisisFacts Dataset Sample used for our experiments. The final dataset includes 11,770 documents from
63 days of crisis. We investigate on 126 individual summaries.

Input: 100-post
event-day batch

Are the posts
relevant to
human impact
and welfare?

Human Impact
(Relevant Set)

Annotate posts as not
relevant Group relevant posts into
information clusters that

report similar information.

Irrelevant posts Uniqus Information

Clusters
qa

Identify the representative
information per cluster.

Representative posts
shown as

in green

Figure 4: Manual Gold Summary Construction.

from above. The Cohen’s kappa (k) agreement
score for the human impact set annotation was
0.84 which indicates an almost perfect agree-
ment. Furthermore, the raw agreement was at 0.97
weighted F1-score on the human impact set anno-
tation, with 0.86 F1-score agreement for the True
(Human Impact (Relevant Set)) category.

We evaluated the inter-annotator agreement for
redundancy check and cluster creation using Rand
Index and Adjusted Rand Index, on the union of
the annotators’ relevant sets. Since the dataset
contains a substantial amount of unique, non-
redundant single-item posts (singletons), metrics
like pairwise F1l-score and Adjusted Rand Index
can penalize agreement on singletons. The mean
Rand Index per event-day batch was 0.96, while
the mean Adjusted Rand Index was 0.70.

We evaluated the inter-annotator agreement for
the representative post selection on the intersec-
tion of the two annotator’s relevant sets using
macro Fl-score. The event-day batch mean macro
F1-score was measured at 0.75, indicating when
annotators have agreed on relevance they have
substantial alignment in selecting the representa-
tive.

B Models

Table 5 contains the information about the ver-
sions of the six LLMs we evaluated and analyzed.
All five models, except for GPT 5-mini, were set
at temperature 0.0 to be deterministic. For GPT
5-mini, we set the reasoning effort to “low”.

Model Type Source (OpenAl/Huggingface)
GPT 40-mini closed gpt-40-mini-2024-07-18
GPT 5-mini closed gpt-5-mini-2025-08-07

Llama 3.1 - 8B Instruct
Llama 3.2 - 3B Instruct
Mistral NeMo

Qwen 3 4B

meta-llama/Llama-3.1-8B-Instruct
meta-llama/Llama-3.2-3B-Instruct
mistralai/Mistral-NeMo-Base-2407
Qwen/Qwen3-4B-FP§

open
open
open
open

Table 5: Information of evaluated and analyzed LLMs

C Prompt

The prompt used for the MDDS crisis summariza-
tion is found in Table 6.
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System | You are a concise assistant. Use ONLY the given data. Output only
bullet points: one factual sentence + post IDs in brackets. If
none found, output: Unanswerable. No thoughts or explanations.
User You are given {count} information posts from the crisis event
“{event}”:

{list of information posts}
Your task:

Identify which posts contain relevant information that helps answer
the following question:

“What critical new developments in how the crisis event, {event},
is directly impacting people -- including numbers of casualties,
missing persons, injured individuals, people in shelters, at-risk
groups, and locations where assistance or rescue is needed —-- are
relevant and useful for disaster managers?”

*xSummarize the relevant information** from your identified posts.
Output rules:

1. You must only output a *xbullet listw*x.

2. For each bullet point:

- You must write xxone clear and concise sentencexx describing a
unique piece of relevant information.

- You must include one or more reference post IDs in brackets at
the end of each sentence.

- You may include multiple post IDs if they support the same piece
of information.

3. xxDo NOT repeat post IDs*xx across bullets.

4. Output #**a maximum of 7 bullet points+x (fewer is acceptable).
5. 1If no relevant posts are found, output a single bullet point:
—“Unanswerable”

6. Do not include explanations, reasoning, or text outside the

bullet 1list.

Example output:

- 15 people missing after floods in the western district; rescue
operations underway. [News—-3-4] [Twitter-2-7]

Table 6: Prompt for MDDS crisis summarization for human impact and welfare information. We modify the
{count} for the number of information posts input, {event} for the crisis event name, and the {list of information
posts} include input posts listed chronologically by timestamp, with post IDs and text.
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