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Abstract

Large language models (LLMs) are increas-
ingly adopted in disaster risk management
(DRM) for situational awareness tasks. An
equally critical task is extracting and summa-
rizing the underlying causes of a disaster for
post-event reporting, which requires a higher-
level of discourse comprehension. While pre-
filtering the input data into “cause-specific” text
seems to be a straightforward solution, cleaner
inputs may not resolve all task-relevant issues.
The limitations can stem from the LLMs’ core
synthesis behaviors. To investigate this, we con-
duct a two-part study on multi-document sum-
marization of flood causes. Part I investigates
the impact of input granularity (document-level
vs. sentence-level input). Part II evaluates how
LLM-generated summaries differ from human-
written summaries using a targeted funnel eval-
uation, conducting a multi-dimensional human
annotation across more than 20 variables. Our
findings reveal that while the sentence-level
extraction step reduces non-causal content for
smaller models, advanced and larger LLMs
did not show significant reductions. Further-
more, while LLMs match humans in baseline
relevance, deeper synthesis divergences per-
sist. Structurally, LLM-generated summaries
are longer and less coherent. Semantically,
LLMs over-generate extreme descriptors and
under-represent the more nuanced higher-level
governmental responsibility.

1 Introduction

Large language models (LLMs) have been adopted
as easily deployable tools in the disaster risk man-
agement (DRM) domain, particularly in crisis infor-
matics tasks (Lei et al., 2025; Xu et al., 2025) that
support situational awareness during a crisis event.
Existing crisis informatics work is largely focused
on identifying and summarizing real-time impact
information about disasters and prioritizing rescue
efforts (McCreadie and Buntain, 2023; Lei et al.,
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Figure 1: Two input conditions for flood cause sum-
marization: 1. Cause-specific documents (left) and II.
Cause-specific sentences (right). Our investigation fo-
cuses exclusively on the final summarization step as
highlighted in orange. We evaluate how input granu-
larity affects the generated summaries given idealized,
pre-filtered inputs. The upstream cause classification
and extraction steps are out-of-scope in this work.

2025; Imran et al., 2025). Multi-document sum-
marization of online media data using LLLMs can
be useful for comprehensive reports (McCreadie
and Buntain, 2023; Seeberger and Riedhammer,
2024). Yet, an equally important task is extracting
and summarizing the underlying causes of a disas-
ter event (Dela Cruz et al., 2026b). Cause-focused
summaries can support accountability, mitigation
planning, and retrospective reporting by synthesiz-
ing evidence about physical triggers, infrastructure
conditions, human actors, and, where supported by
source documents, institutional responsibility.

Flood cause summarization is a demanding form
of query-based multi-document diversity summa-
rization (Huang et al., 2024). Apart from recalling
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event-related facts, a flood cause summary must
capture diverse and interactive causal factors across
documents, distinguish why the flooding occurred
from what happened during the event, and organize
these factors into a structurally coherent narrative.

A common approach for improved summariza-
tion is to filter the input (Chen and Bansal, 2018;
Pilault et al., 2020; Krishna et al., 2023). As
shown in Figure 1, given a stream of flooding event-
related documents containing causes alongside im-
pacts, forecasts, and contextual information (e.g.,
news and social media posts), a pipeline would re-
trieve cause-relevant content and then pass these
documents directly to an LLM for summarization
(Route I - left). A more granular approach adds a
cause-specific sentence extraction step (Route II -
right). The document-level route retains residual
non-causal information, while the sentence-level
route provides a more controlled set.

The finer-grained filtering may reduce the
salience of noise and distractors but may not re-
solve all task-relevant issues. Prior work from di-
verse domains suggest that while LLMs achieve
high perceived quality in summaries, they can strug-
gle with deeper structural alignment and knowl-
edge abstraction (Zhou et al., 2025; Zeweniuk et al.,
2025; Guo et al., 2026). It remains unclear whether
cause-specific sentence extraction meaningfully im-
proves summarization beyond the document-level
filtering, and whether the resulting summaries are
comparable to the structured human-written refer-
ence summaries. This distinction is important for
evaluating the readiness of LL.Ms as a deployable
tool to aid post-event reporting. If downstream
errors are primarily reduced through improved in-
put selection, development should be focused on
the cause classification and extraction. However, if
consequential differences from human-written sum-
maries remain under controlled inputs, then sum-
mary generation itself requires closer task-specific
evaluation prior to deployment. Therefore, we ask
the following research questions:

1. How does input granularity (cause-specific
documents vs. cause-specific sentences) affect
the content and task-relevant quality of LLM-
generated flood cause summaries?

2. When provided with cause-specific sentences,
how do synthesis behaviors of LLMs struc-
turally and semantically diverge with human
writers, and are these divergences systemic
across different models?

Existing automatic evaluation metrics only pro-
vide partial answers: ROUGE (Lin, 2004) mea-
sures lexical overlap, while embedding-based met-
rics such as BERTScore (Zhang et al., 2020) es-
timate semantic similarity. Although useful in-
dicators for general quality, these metrics cannot
directly assess causal direction (‘The flooding
caused the building damage’), amplified spec-
ulations and opinion, leaked emotional information,
or responsibility attribution. These dimensions are
important in disaster communications because sum-
maries can shape how responsibility and account-
ability are understood.

In this paper, to answer our research questions,
we conduct a two-part study of LLM flood cause
multi-document summarization. In Part I, we
compare the two routes in Figure 1, to examine
how input granularity affects the quality of the
LLM-generated cause-focused summaries. In Part
II, we control for the input condition by using
cause-specific sentences and evaluate how LLM-
generated summaries differ from human-written
summaries using a funnel multi-dimensional hu-
man evaluation focused on descriptive precision,
task exclusivity, causal framing and responsibility
attribution, and structural quality.

We conduct our experiments on six commonly
used LLMs and 69 flood events. Our results show
that the cause-specific sentence extraction step
helps reduce non-causal information for smaller
models. However, several divergences from human-
written summaries remain across the evaluated
models: LLM-generated summaries are longer and
less coherent, contain more extreme descriptors,
and are less consistent in capturing governmental
responsibility.

2 Related Work

Crisis Summarization.

In crisis informatics, multi-document summariza-
tion has been a useful tool for reducing large texts
into useful and actionable information. Summa-
rization studies have been primarily focused on
situational awareness, rescue prioritization, and
report generation (Lei et al., 2025; Nguyen and
Rudra, 2022; Seeberger and Riedhammer, 2024),
utilizing multi-platform sources such as Crisis-
Facts (McCreadie and Buntain, 2023), and build-
ing on LL.Ms (Pereira et al., 2023; Seeberger and
Riedhammer, 2024). However, post-event cause
summarization, particularly in multi-platform and
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multi-document settings, remains underexplored.
Dela Cruz et al.’s (2026b) study initially bench-
marked zero-shot flood cause classification, but the
cause summarization capabilities remain an open
question.

Biases, Input Noise, and Distractors.

A challenge in multi-document and long context
synthesis is the sensitivity of the LLMs to biases,
input noise and distractors (Krishna et al., 2023;
Belém et al., 2025; Levy et al., 2025). LLM sum-
marization inherits social and content-selection bi-
ases (Anantaprayoon et al., 2024; Gallegos et al.,
2024; Steen and Markert, 2024; Zhang et al., 2023)
and position bias in summarization (Chhabra et al.,
2024; Olabisi and Agrawal, 2024; Ravaut et al.,
2024; Wan et al., 2025), which diminish faithful-
ness as context size increases. Applying RAG,
which limits the context window to only relevant
facts, reduces or even eliminates the position bias
(Cuconasu et al., 2025). Building on these findings,
it stands to reason that limiting the context window
to controlled cause-specific sentences would yield
improved performance, motivating our investiga-
tion into input granularity.

Evaluating Synthesis and Causal Framing.
Even if input quality is optimized and resolved,
inherent LLM synthesis behaviors can still pose
problems. LLMs may selectively retain, omit, or
re-frame the causal relationships during summa-
rization (Alessa et al., 2025). Sometimes LLMs
exhibit higher framing rates than humans in the po-
litical news domain (Pastorino and Moosavi, 2026).
They can omit potentially controversial informa-
tion regarding political topics (Noels et al., 2026) or
exhibit censorship bias in generation (Ahmed et al.,
2025), withhold politics-related information or pro-
duce false claims (Urman and Makhortykh, 2025),
and reflect ideological stance of their creators (Buyl
et al., 2026). This is critical in disaster communi-
cations, where news media coverage frames how
responsibility is attributed, through narrative and
editorial choices, i.e., whether they emphasize nat-
ural triggers, human actors, or institutional failures
(Bailon et al., 2025; Ewart and McLean, 2015), and
where LLMs already struggle to capture temporal
and causal links on multiple platforms e.g., news
and social media (Zhang and Kou, 2025).

Specific to flood cause extraction, initial bench-
marking revealed that LLMs struggle in both cause
document classification and cause sentence extrac-
tion; they have high recall and low precision by
misclassifying general flood-related text as causal

(Dela Cruz et al., 2026b). Subsequently, qualitative
analysis by Dela Cruz et al. (2026a) demonstrated
that false positives produced by LLMs can be clus-
tered into predictable, linguistically coherent cate-
gories: impact and aftermath—confusing impacts
with causes; background context—misinterpreting
general background context of the affected loca-
tion; forecasts and warnings—stumbling on pre-
dictive weather forecasts; subjective and unver-
ified causality—accepting subjective claims and
opinion; weak causality—extracting weak causal
claims; and unrelated mentions—failing to differen-
tiate natural hazard context use of the word “flood”.
Appendix B.1 describes these categories in detail.
We adopt this exact error taxonomy to answer our
first research question.

While LLLM summaries can achieve perceived
quality in domains like news (Zhang et al., 2023)
and medicine (hospital discharge summaries and
clinical text summaries) (Van Veen et al., 2024,
Challener et al., 2026), they can struggle in struc-
tural alignment and knowledge abstraction. Also,
deeper structural and synthesis differences continue
to persist. For dialog summarization, Zhou et al.
(2025) found that LLM summaries are longer and
not lexically and structurally aligned to human ref-
erences. They were nearly five times more likely
to contain broad generalizations in science sum-
maries (Peters and Chin-Yee, 2025). They excel
at paraphrasing but struggle in reasoning-based
and conclusion-oriented summarization (Zeweniuk
et al., 2025) and can lead to lower actual reader
comprehension (Guo et al., 2026). These mixed
findings highlight that comparisons of LLM and
human summaries are highly domain- and task-
specific.

Necessity for Targeted Human Evaluation.

Standard automatic metrics can be blind to the
discourse-level requirements of a flood cause sum-
mary. ROUGE (Lin, 2004) measures lexical over-
lap while contextual embedding-based metrics,
such as BERTScore (Zhang et al., 2020) and
BARTScore (Yuan et al., 2021) measure seman-
tic similarity, high scores in these metrics do not
automatically reflect instruction-following or accu-
rate responsibility attribution (Zhou et al., 2025;
Min et al., 2025) and differ greatly under different
human evaluation protocols (Liu et al., 2023; Zhou
et al., 2025). This is why there has been strong
calls for robust, qualitative and multi-dimensional
human evaluation to address these gaps (Lux et al.,
2020; Liu et al., 2023; Min et al., 2025). Conse-

1076

3



quently, the flood cause summarization task neces-
sitates a targeted, multi-dimensional human evalu-
ation to investigate whether synthesis divergences
are isolated or are fundamental.

3 Method

3.1 Models

We evaluate six commonly used LLMs: GPT 4o-
mini (OpenAl, 2024a), GPT 40 (OpenAl, 2024b),
GPT 5-mini (OpenAl, 2025), GPT 5 (OpenAl,
2025), Llama 3.1-8B Instruct (Llama Team, 2024),
and Mistral Nemo (Mistral Al Team, 2024) that
are accessible to both researchers and practitioners.
They were selected to include both closed and open-
weight systems, enabling comparison across model
families. More details are found in Appendix A.3.

3.2 Data

We run our experiments in a private flood cause
dataset comprised of a curated set of documents
from four online platforms: News, X (formerly
Twitter), YouTube, and Bluesky reporting on 70
flood events that occurred between 2022-2025 as
identified and defined by a proprietary retrieval al-
gorithm collected from Dela Cruz et al.’s (2026b)
study. Although the dataset cannot be shared, the
collection and annotation process are documented
in Dela Cruz et al.’s (2026b) paper. The dataset was
annotated on two levels of granularity: document-
level and sentence-level annotations. For docu-
ments identified as containing a flood cause, anno-
tators selected specific sentences that explain the
cause of the flood and classify these cause-specific
sentences to specific categories. Only the set of
cause-specific documents and sentences were used
to construct the summaries.

We constructed the structured human-written
reference summaries for each flooding event to
establish an evaluation baseline. Four trained Com-
munication undergraduate students with English
proficiency wrote the summaries based on the re-
quirements of a cause-focused summary. The 70
flooding events were divided equally among stu-
dents, of which one event was considered invalid
due to insufficient information. The summarization
writing protocol is in Appendix A.1.

3.3 Prompts

We evaluate the zero-shot performance of the
LLMs in the flood cause summarization task. Our
prompts were constructed with reference to the

flood cause summary annotation protocol (Ap-
pendix A.1) and the general guidelines of writing
a good quality summary. The full prompts can be
found in Tables 7 and 8 in Appendix A.2.

3.4 PART I: Input Granularity of
Multi-document Flood Cause
Summarization

We evaluate the summaries from the two input con-
ditions using both automatic and human evalua-
tion. First, we evaluate the summaries using stan-
dard automatic metrics (1) N-gram overlap using
ROUGE-2 and ROUGE-L (Lin, 2004) and (2) se-
mantic similarity using BERTScore (Zhang et al.,
2020), by comparing the LLM summaries with the
human-written summaries.

To examine whether the residual non-cause con-
tent propagates into the LLM-generated summaries
and if the cause-specific extraction helps reduce
them, we conducted a blinded manual annotation of
summary sentences with non-cause content into the
false positive error categories of LLMs in the flood
cause classification task using Dela Cruz et al.’s
(20264a) error taxonomy of flood cause false posi-
tives as discussed in Section 2. We count the num-
ber of non-cause sentences per error category. As
summary sentences can include mixed information,
we only count errors for sentences that do not con-
tain any flood cause; annotators were blinded to the
input condition and model. Appendix B.1 reports
the full description of the error categories and B.3
reports the annotation agreement scores.

3.5 PART II: Task-Specific Evaluation of
Flood Cause Summaries

We answer the second research question using a
two-stage funnel human evaluation. Our objec-
tive with this targeted evaluation is not to fully
explore benchmark performance across all models.
Rather, we aim to conduct a targeted investigation
to identify where systemic divergences with human-
written reference summaries still persist. Guided by
prior work as discussed in Section 2, we conduct a
multi-dimensional approach to ensure holistic eval-
uation that addresses both the linguistic nuances
of causal language and the structural requirements
of disaster reporting. Table 1 summarizes the four
dimensions, their variables, operationalization, and
motivation. Full definitions and annotation agree-
ment scores are provided in Appendix B.2 and B.3.
Stage 1. Blinded Baseline Evaluation

Four trained annotators conducted a blinded de-
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Dimension Variables (count)

Operationalization

Motivation

Responsibility
Attribution

causes; annotation protocol cause
categories; individual, community,
governmental responsibility (12)

Descriptive Numerical mentions; extreme de- | Counts; Specifity scale (0-3,3 | Objective grounding, pre-

precision scriptors; location, time and date | is most specific); Binary pres- | cise post-event reporting
specificity (5) ence (date)

Task Exclusivity Casualty and injured; infrastruc- | Binary presence of impact- | Cause-focused instruction-
ture damage; emotional reactions | only information following
3)

Causal Framing and | Natural, structural, political | Binary Presence for each cate- | Cause frame, explanation,

gory/frame

and accountability

Structural Quality Relevance; coverage; coherence;

verbosity (4)

Ratios (no. of sentences/ to-
tal sentence count); Likert rat-
ing (coherence); total sentence
count

Standard human evaluation
of summaries

Table 1: Task-specific dimensions for the blinded human evaluation. These dimensions combine the requirements for
flood cause-focused summaries and standard summary quality requirements motivated in Section 2; full description

can be found in Appendix B.2.

ductive annotation of both human and LLM sum-
maries i.e., authorship was hidden and order of
presentation randomized. Each summary was eval-
uated across more than 20 distinct linguistic and
structural variables, operationalized into four task-
specific dimensions as shown in Table 1. We com-
pare the baseline LLM and human-written sum-
maries to identify the dimensions on which the
model most clearly diverges from the human ref-
erence condition. GPT-40-mini was chosen as the
baseline because it showed the strongest automatic
metrics alignment with the human reference sum-
maries in Part I and demonstrated significant reduc-
tions in residual non-causal content when provided
with the idealized, sentence-level inputs. Hence, it
provides a useful test case for examining whether
synthesis-level divergences remain after controlling
input quality.

Stage 2. Targeted Cross-Model Validation

We identify variables on which the baseline model
has statistically significant difference from human-
written references in Stage 1, then evaluate the
remaining models only on this subset. This funnel
tests whether the observed divergences recur across
the evaluated models rather than being specific to
the baseline model.

4 Results

4.1 PART L Input Granularity

Standard automated summary metrics favor
the sentence-level input condition. The au-
tomated evaluation (ROUGE-2, ROUGE-L and
BERTScore) reveal that LLM-generated sum-
maries from the cause-specific sentences are more
closely aligned with human-written references than

Error Distribution per Input Condition

GPT 40-mini
GPT 40

GPT 5-mini
GPT5
Mistral Nemo
Llama 3.1-8B
GPT 40-mini
GPT 40

GPT 5-mini
GPT5
Mistral Nemo
Llama 3.1-8B
GPT 40-mini
GPT 40

GPT 5-mini
GPT5
Mistral Nemo
Llama 3.1-8B
GPT 40-mini
GPT 40

GPT 5-mini
Mistral Nemo
Llama 3.1-8B
GPT 40

GPT 40-mini
GPT 40

GPT 5-mini
GPT5
Mistral Nemo
Llama 3.1-8B

background context forecast impact

unrelated

weak causality

N Ll

20

B Document M Sentence
40 60 80
Counts

Figure 2: Generation error counts in the summaries for
input conditions cause-specific documents vs. cause-

specific sentences.

the cause-specific documents as input. Across these
metrics and models, the sentence-level input con-
dition consistently achieves higher scores, while
the document-level produces significantly longer
summaries for all models except for Mistral Nemo.
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Measure Model Document (M) Sentence (M ) p-Value
Word Count GPT 40-mini 97.2 75.2 <.001
GPT 5-mini 146.1 98.5 <.001
GPT 4o 73.7 66 <.05
GPT 5 109 92.3 <.05
Llama 3.1-8B Instruct 154.2 119.1 <.05
Mistral Nemo 75.7 64.8 0.17
ROUGE-2 GPT 40-mini 0.12 0.17 <.001
GPT 5-mini 0.09 0.15 <.001
GPT 4o 0.14 0.16 <.05
GPT 5 0.11 0.15 <.001
Llama 3.1-8B Instruct 0.11 0.17 <.001
Mistral Nemo 0.08 0.13 <.001
ROUGE-L GPT 40-mini 0.22 0.26 <.001
GPT 5-mini 0.18 0.25 <.001
GPT 40 0.24 0.26 <.05
GPT 5 0.20 0.24 <.001
Llama 3.1-8B Instruct 0.18 0.24 <.001
Mistral Nemo 0.18 0.23 <.001
BERTScore GPT 40-mini 0.88 0.89 <.001
GPT 5-mini 0.86 0.88 <.001
GPT 40 0.88 0.89 <.001
GPT 5 0.86 0.88 <.001
Llama 3.1-8B Instruct 0.87 0.88 <.001
Mistral Nemo 0.85 0.87 <.001

Table 2: Comparison between summary input conditions of cause-specific documents and cause-specific sentences
using automatic measures (Word Count, ROUGE-2, ROUGE-L, and BERTScore). The values are measured as
Mean. Wilcoxon signed-rank test was applied to the two input conditions.

Model Impact Forecast

Weak
Causality

Unrelated
Mentions

Background
Context

GPT 40-mini %4 [%4

GPT 40

GPT 5-mini

GPT 5

Mistral Nemo

AN
U]

Llama 3.1 - 8B

ANANARANRRAN

v

Table 3: Statistical significance of generation error count differences between input conditions: document-level vs.
sentence-level. (¢ )indicates a statistically significant difference in errors using the Wilcoxon signed-rank test at
a = 0.05, while (—) indicates no significance difference.

The full results table can be found in Table 2. Au-
tomatic metrics only serves general indicator of
overall alignment and confirmation of the presence
of more distraction. Figure 2 shows the distribu-
tion of error counts for all the error types identified
from Dela Cruz et al.’s (2026a) categories.

Human evaluation reveals that input granular-
ity affects smaller models more, while larger
models do not benefit from the cause-specific
extraction step. Figure 2 and Table 3 show that
sentence-level input significantly reduced impact,
forecast, and background-context errors for GPT
40-mini, Mistral Nemo, and Llama 3.1-8B. We
observed that the smaller and open-weight models
tested (GPT 40-mini, Mistral Nemo, and Llama 3.1-
8B), the document-level condition introduced sig-
nificantly more residual non-causal content, specif-
ically in the form of impact information, forecasts,

and background context. For these models, the
cause-specific sentence extraction step helps im-
prove flood cause summarization.

On the other hand, the larger and more advanced
models (GPT 40 and GPT 5) demonstrated no sta-
tistical significant difference in error counts. How-
ever, as observed in Figure 2, this does not mean the
larger models suppressed all residual non-causal
content, e.g., background context errors still persist.
Instead, this indicates that they no longer benefit
from the finer-grained cause-specific sentence ex-
traction step. These findings point that there are
limitations of LLMs within the synthesis process
itself and not the input quality alone.
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Dimension Measure (N=69) Human LLM p-Value
Number of Numerical Mentions (mean) 0.49 1.17 <.001
Number of Extreme Descriptors (mean) 2.29 4.17 <.001
Descriptive Precision | Location Specificity (mean scale 0 — 3, 3 is most specific) 2.33 2.38 0.28
Time Specificity (mean scale 0 — 3, 3 is most specific) 1.14 0.91 0.06
Date Specificity 49 27 <.001
Casualty and Injured Information 4 4 -
Task Exclusivity Infrastructure Damage Reports 14 22 0.12
Emotional Reactions 14 15 1.00
Natural Cause 69 69 -
Structural Cause 26 25 1.00
Political Cause 7 0 <.05
Individual Responsibility 0 0 -
Community Responsibility 2 1 1.00
Causal Framing and Governmental Responsibility 13 3 <.05
Responsibility Rain/Tide/Snow 69 69 -
Attribution Overflowing Water Bodies 15 19 0.50
Infrastructure Failure 9 6 1.00
Drainage/Blockage/Maintenance Issues 16 13 0.55
Long-term Developments 3 2 1.00
Other Cause 12 6 0.07
Coherence (mean - 5-point Likert scale) 4.09 3.04 <.001
Structural Quality Coverage (mean ratio) 0.63 0.40 <.001
Relevance (mean ratio) 0.86 0.87 0.95
Verbosity (mean - total sentence count) 3.36 5.42 <.001

Table 4: Evaluation of Human and LLM Summaries (GPT 40-mini) across the four task-specific dimensions for a
cause-focused summary. For the variables in Task Exclusivity and Causal Framing and Attribution dimensions, and
Date Specificity, they are counted as total number of summaries with presence of the variable; McNemar tests were
conducted on these variables. For the rest of the continuous variables, paired samples t-tests were conducted.

4.2 PART II. Synthesis Analysis and Funnel
Evaluation

Controlling for sentence-level input aligns
LLMs with humans on relevance and task ex-
clusivity, but does not eliminate synthesis diver-
gences. Table 4 shows the comparison between hu-
man and LLM in their summaries of flood causes
across the task-specific dimensions. The LLM sum-
maries were provided with the controlled sentence-
level conditions. We observed similar performance
in the task exclusivity dimension, where both hu-
man and LLM leak casualty and injured informa-
tion, infrastructure damage reports, and emotional
reactions in the summaries; there were no statisti-
cally significant differences observed. Our results
show that finer-grained extraction alone does not
fully resolve the core challenges of the task.

The largest differences emerged in the descrip-
tive precision dimension. The LLM averaged more
numerical mentions compared to humans (1.17 vs.
0.49, p < .001) and nearly doubled the number of
extreme descriptors (4.17 vs 2.29, p < .001) in the
summaries. We also observed the LLM summaries
contain less specific dates (27 vs. 49 date-specific
mentions, p < .001).

Structural quality differences were observed in
coherence, coverage and verbosity. The LLM sum-

maries were significantly longer than the human
summaries (M = 5.42 vs. 3.36 sentences, p < .001).
The longer summary length did not translate into
more information coverage, in fact, the LLM sum-
maries had a significantly lower coverage ratio (M
=0.40 vs. 0.64, p < .001). Lastly, the LLM sum-
maries were significantly less coherent (M = 3.04
vs. 4.09, p < .001) than human summaries.

Both human and LLM summaries consistently
identified the natural or environmental causes with
recognizing the natural cause framing and the
Rain/Tide/Snow variable appearing in both groups.
Key differences emerged in the higher-level insti-
tutional factors, where the LLM failed to capture
political causes (0 vs. 7, p < .05) and failed to
attribute governmental responsibility (3 vs. 13,
p < 0.05). Table 5 shows an illustrative example.

Cross-model funnel evaluation reveals some syn-
thesis divergences to be systemic and not just
model-specific. Table 6 shows the results of the
targeted cross-model validation. We observed
that every LLM produced significantly more ex-
treme descriptors (EXTR) than the human sum-
mary. Numeric mentions (NUM) had significant
over-representation in GPT 40-mini, GPT 5-mini
and GPT 5. Date specificity (DATE) continues to
be a challenge with only the latest models, GPT
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Human Summary

LLM Summary

On Friday 7 March, a powerful storm and heavy rains
brought catastrophic flooding to Bahia Blanca,
Argentina.

The intense rain started at around 4 am and lasted
about 7-8 hours.

400 mm of rain fell, which is equivalent to a year’s worth.
The World Weather Attribution analysis revealed that
extreme regional heat clashed with a cold front,
resulting in heavy rainfall partly fueled by climate
change, which caused the flooding.

Also, the flooding was caused by poor drainage
infrastructure, and responsibility for this falls to the
provincial government.

Torrential rains caused severe flooding in Bahia Blanca,
Argentina, on March 7, 2025.

More than 400 mm of rain fell in just a few hours,
leading to catastrophic flooding.

A year’s worth of rain fell in a matter of hours,
inundating entire neighborhoods.

Extreme heat and humidity preceding the floods
contributed to the intense rainfall.

A collision between warm and cold air masses triggered
the massive rainfall.

Table 5: Example comparison of flood cause summaries for a flooding event in Buenos Aires in March 2025 from a
human summarizer and an LLM (GPT 40-mini). Sentence in RED indicates a type of causal frame and responsibility
attribution in the human summary not captured by the LLM.

5-mini and GPT 5 matching the human summaries.

For most LLMs, catching political causes (POL)
is on par with human summaries except for GPT
4o0-mini and Llama 3.1. However, there is a con-
sistent failure in the attribution of governmental
responsibility (GOV) for LLMs. Quite alarmingly,
newer models, specifically, GPT 5-mini and GPT 5
generated no mention of implicating governments.
Summary structural quality differ between
LLMs and humans in the cause summarization
task. Across the board, LLM generated longer sum-
maries (VERB) but their coherence (COH) scores
were significantly lower than the human summaries.
Newer models, GPT 5-mini have surpassed the hu-
man coverage ratio (COV) while GPT 40-mini and
Llama 3.1 had lower coverage ratios.

5 Discussion and Conclusion

Our findings suggest that the cause-specific
sentence-level extraction step improves the LLM
performance in the flood cause summarization by
reducing possible error categories for smaller and
open-weight models, while reductions are not sig-
nificant for the larger ones. We note that the au-
tomatic metrics results should be interpreted cau-
tiously as the human summaries used the cause-
specific sentences set, which makes them more
naturally aligned with the sentence-level input con-
dition, hence, human evaluation is needed. The
human evaluation showed that the full documents,
although already cause-relevant, contained highly
salient distractors for LLMs, mostly impact infor-
mation and disaster background context which are
significantly reduced by the idealized sentence ex-
traction step. A cause-focused post-event report
that leaks all the impact information or background

context data would require more human review by
disaster managers.

Despite the highlighted synthesis divergences, it
is important to acknowledge the significant base-
line capabilities of the LLMs in the flood cause
summarization task. Among the more than 20
linguistic and structural variables, approximately
two-thirds of the variables converged with human
writers. First, LLMs aligned closely with humans
on relevance, meaning they provide actual infor-
mation need for the task which are flood causes.
This is further strengthened by the convergence
in task exclusivity, highlighting the inherent dif-
ficulty of omitting impact information and back-
ground context when summarizing for the causes.
Furthermore, both humans and LL.Ms consistently
identified natural and environmental causes.

However, removing residual noise does not au-
tomatically eliminate all divergences. For the re-
maining divergent variables, the LLMs functioned
as selective amplifiers. We observed that they were
systematically longer and over-generate numeri-
cal mentions and extreme descriptors compared to
humans. These findings align with the study by
Alessa et al. (2025), who found that LLMs often
alter text framing to more negative. If deployed
for post-event reporting, LL.Ms can post a risk in
disaster communications by making causes appear
to be more catastrophic or extreme than they are.

Conversely, the evaluated LLMs were found to
under-represent higher-level governmental respon-
sibility, with some found to fail to capture polit-
ical causes. This finding serves as possible evi-
dence for the "soft censorship" phenomenon (i.e.,
selective omission or downplaying of key elements)
identified by Noels et al. (2026) or avoidance of
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Measure Human GPT GPT 4o GPT 5-mini GPT 5 Llama Mistral
(Reference) 40-mini 3.1-8B Nemo
NUM 0.49 1.17 0.48 0.93 0.88 0.64 0.38
EXTR 2.29 4.17 4.96 6.61 5.42 7.45 4.25
DATE 49 27 16 50 54 28 16
POL 7 0 6 5 5 7 2
GOV 13 3 2 0 0 1 1
COH 4.09 3.04 3.46 3.58 3.49 2.69 2.73
COoV 0.63 0.40 0.72 0.79 0.86 0.50 0.65
VERB 3.36 5.42 4.72 4.83 4.71 6.20 4.52

Table 6: Funnel evaluation of LLM summaries across initial divergent dimensions. Values in RED and BLUE
indicate significant difference from the human-written summaries (color difference indicate different direction).

politics-related information identified by Urman
and Makhortykh (2025), demonstrating how LLMs
can omit politically sensitive information during
synthesis. In a real-world deployment scenario,
these LLM-generated post-event reports serve as
complementary or supplementary to the official
post-event reports, which are used for legal ac-
countability, insurance settlements, and long-term
mitigation planning. If a deployed LLM sanitizes
reports by omitting mentions of government re-
sponsibility, such as ‘drainage mismanagement’
or ‘ignored dam maintenance’, the harm is not
merely on the data inaccuracies, but it directly
impacts citizens. This create artificial narratives
that floods are purely unavoidable natural disasters
rather than preventable governance failures.

6 Future Work

Our study investigated whether LLM synthesis lim-
itations in the multi-document flood cause sum-
marization task persist when models receive pre-
filtered, cause-specific inputs. Future research is
needed to evaluate the readiness of using LLMs as
deployable tools for disaster post event reporting.

Within crisis informatics post-event reporting,
future work should test whether the finer-grained
sentence extraction step similarly reduces resid-
ual non-causal noise for other disaster types and
languages. It should also examine whether the
structural and semantic divergences observed here
persist when summarizing causes of events such as
wildfires or landslides.

Although this study focused on flooding events,
the observed variable divergences with human-
written reference summaries may extend to other
forms of query-based multi-document summariza-
tion. Our multi-dimensional framework can serve
as an initial guide for the domain and task-relevant
evaluation but should be validated with actual
DRM practitioners and domain experts. Future

work can examine whether our identified task-
specific variables transfer to other accountability
or responsibility-sensitive domains, such as legal,
medical, or public policy summarization. Particu-
larly, whether there are tendencies to over-generate
extreme descriptors the failure in capturing politi-
cal causes and governmental attribution.

Finally, our zero-shot design was intended to es-
tablish the default behavior of off-the-shelf LLMs
in this task. Future research should investigate prac-
tical methods for mitigating the critical divergences
identified here. Because this study is intended to
support practitioners without extensive Al exper-
tise, prompt-tuning is considered the relevant first
direction. The evaluation framework introduced in
this study can then be used to assess whether re-
vised prompts improve not only general summary
quality, but also descriptive precision, task exclusiv-
ity, causal framing, responsibility attribution, and
structural quality.

Limitations

This paper has limitations. Our dataset is a curated
private dataset in English collected from multiple
platforms: News, X (formerly Twitter), YouTube,
and Bluesky using the data collection and annota-
tion from (Dela Cruz et al., 2026b). This dataset
was collected during 70 specific flooding events
between 2022 and 2025 as identified and defined
by a proprietary retrieval algorithm. Although the
dataset cannot be shared, the collection and annota-
tion process are documented in Dela Cruz et al.’s
(2026b) paper.

The scope of the use case is very specific to
flooding event cause summarization. We did not
conduct analyses on other disaster events. Our
multi-dimensional approach to domain and task-
specific human evaluation was scoped for our spe-
cific use case and not the full requirements of a
flood post event report. We acknowledge that this
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scope is limited and encourage other researchers
evaluate on other disaster events and other report
types. In addition, we only evaluated zero-shot
LLM summarization on six off-the-shelf LLMs.
Prompt-tuning and fine-tuning the models to our
specific task should be explored and investigated.

The human reference summaries were written
by four Communications undergraduate students
with English proficiency, who were trained and
guided by someone with crisis informatics exper-
tise and not written by actual DRM domain experts.
The subsequent summary annotations for human
evaluation were conducted by four Communication
undergraduate students (note: summary writer was
not summary evaluator), and two authors (both are
fluent in English, one graduate student with com-
putational linguistics, NLP, and crisis informatics
expertise and another graduate student specialized
in computer science and Al). We refer you to Ap-
pendix B.3 for the inter-annotator agreement scores.
The annotation scope was very focused due to the
sensitive nature of the dataset. Although already
filtered to documents containing causes to the flood-
ing event, the dataset still contains distressing crisis
content of impacts of flooding event such as reports
of deaths, injuries, missing persons, rescue needs,
infrastructure damage, etc.

Ethical Considerations

This study highlights concern about the real-world
deployment of LL.Ms in the disaster risk manage-
ment (DRM) domain. Our work aspires to support
DRM practitioners by demonstrating and clarify-
ing the capabilities of using LLMs in zero-shot
settings for flood cause summarization. Evaluated
LLMs fed with the idealized input conditions ex-
hibit significant alignment across over two-thirds
of the variables investigated that include relevance
and task exclusivity variables (i.e. following the
task). However, LLMs in this setting do not achieve
the required precision and objectivity for unsuper-
vised deployment. Specifically, we observed sys-
temic over-generation of extreme descriptors and
numerical information. They also under-represent
governmental responsibility and some also under-
represent political causes. Therefore, we caution
against misinterpreting the readiness of the models
investigated for automated flood cause summariza-
tion or integration in post-event reporting.
However, we also caution against premature
abandonment of the use of LLMs completely for

the solutions we study. The LLMs investigated al-
ready has considerable alignment in multiple vari-
ables, especially relevance. As the divergence with
human summaries are measurable, this means they
are amenable for targeted improvement with do-
main experts. They may already add value in the
human-in-the-loop settings where our DRM practi-
tioners maintain full interpretive control. Therefore,
we strongly recommend only supervised use, using
LLMs as complementary and supplementary tools,
rather than autonomous report generators.

We recognize that the annotation work for our
task carries emotional burden. Although our data
was already pre-filtered to be relevant to a flooding
event and containing underlying flood causes, the
source documents and sentences contained possi-
ble highly distressing information regarding the
context and impacts of these real-world events.
Some documents included reports of injuries, ca-
sualties, missing persons, and widespread infras-
tructure damage. Asking our annotators with read-
ing and summarizing these content carries inherent
psychological risks. Annotators were informed and
warned beforehand about the sensitive nature of
the task prior to participation. They were encour-
aged to take breaks or opt out if the task became
overwhelming.
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A Additional Method Details

A.1 Human Flood Cause Summary
Anneotation Protocol

Writing the flood causes summary

Write a short summary that includes all the causes
mentioned across the documents for a flooding
event.

You are provided with sentences that are classified
to contain flood causes. Read and understand the
sentences. Select the most informative sentences
about the flood cause that you would include in
your summary. Mark these sentences on the table.
Use your selected informative sentences to write
your short summary.

Qualities of a Good Summary:

* Consistency: Use only information found in
selected source documents. Please do not add
new information, speculate, or add personal
opinion.

— Example: If documents or sentences
mention “drainage blockage” but do not
specify a reason (trash accumulation,
etc.), do not add one.

Relevance: Focus exclusively on the flood
causes. Do not include the impacts such as
injuries, evacuations, damages etc., or future
plans or responses.

Coverage: Include all causes mentioned
across selected documents. Avoid unneces-
sary repetition. Aim for one sentence per
unique flood cause when applicable. Make
sure all your marked sentences are covered.
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— Report the cause of the flooding event:
e.g., 1) natural causes (heavy rainfall,
extreme weather conditions, snowmelt,
climate-related factors) or 2) struc-
tural/infrastructural causes (dam fail-
ures, inadequate drainage systems, in-
frastructure weaknesses) or 3) politi-
cal/governmental causes (policy deci-
sions, regulatory failures, lack of pre-
paredness, governmental mismanage-
ment). There could be more than one.
Add critical information like location (go
as specific as possible), date (if specific
dates are not mentioned, it can be last
week, last month too), and time (14:00,
early morning, late evening, etc.) of the
event.

* Coherence: A good summary is a clear, read-
able, logical narrative. Ensure your final sum-
mary reads as a brief report explaining what
caused the flooding in past tense.

Final Check

* Proofread your summary for clarity, grammar,
spelling, and sentence flow.

* Confirm that you covered all causes, included
no non-cause details, and added no informa-
tion not present in the documents. Review
from your chosen important sentences.

A.2 Prompts

The prompts used in our paper are found in Tables
7 and 8.

A.3 Models

Table 9 contains the information about the versions
of the six LLMs we evaluated and analyzed. All six
models, except for GPT 5-mini and GPT 5, were set
at temperature 0.0 to be deterministic. Both GPT
5-mini and GPT 5 models were set to reasoning
effort “low.”

B Task-Specific Evaluation

B.1 Flood Cause Classification Error
Categories

In their findings, LLMs misinterpret Impact
and Aftermath information, such as “Residents
‘evacuated’ from rural homes near Chester
due to flooding”, by treating impact descrip-
tions (outcomes), like damage or evacuation as

System | You are a concise assistant. Use
ONLY the given data. No explanations
or thought process. Just the final
answer.

User You are provided with documents
that are classified as containing
information about the cause of the
flood.

Task: Write a short bullet-list
summary that includes all the causes
explicitly mentioned across the
documents for the flooding event.
Steps:
1. Select the most informative
documents about the flood cause.
2. Use the selected the documents to
write your short summary.
3. Qualities of a good summary:

a. Consistency - use only
information in the selected
documents. Do not add new
information, speculate, or
add personal opinion.

b. Relevance - focus
exclusively on flood causes.
Do not include impacts such
as injuries, evacuations,
damages, etc., or future
plans or responses

c. Coverage - include all
causes mentioned in the
selected documents. Avoid
unnecessary repetition. Aim
for one sentence per unique
flood cause. Report
the causes and critical
information like location,
date, and time.

d. Coherence - make your
summary clear, readable,
and logical. It must read
as a brief report explaining
what caused the flooding in
past tense.

4. Output your summary as a
bullet-list.
Documents: {DOCUMENT LIST}

Table 7: Summary Prompt for Cause-Specific Docu-
ments as Input. {DOCUMENT LIST} is the list of
cause-specific sentences for a flooding event. The list is
sorted by timestamp.

causes due to presence of causality but invert the
cause-and-effect relationship. Similarly, LLMs
mistake general Background Context for specific
flood event triggers, overgeneralizing location de-
scriptions like, “Hail storm and a record
amount of precipitation and lightning in
Valencia city” even though no flooding event is
described. They also stumble on weather Forecasts
and Warnings, where they falsely interpret predic-
tive language like “Heavy rainfall today may
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System | You are a concise assistant. Use
ONLY the given data. No explanations
or thought process. Just the final
answer.

User You are provided with sentences
that are classified as containing

information about the cause of the
flood.

Task: Write a short bullet-list
summary that includes all the causes

explicitly mentioned across the
sentences for the flooding event.
Steps:

1. Select the most informative
sentences about the flood cause.

2. Use the selected the sentences to
write your short summary.

3. Qualities of a good summary:

a. Consistency - use only
information in the selected
documents. Do not add new
information, speculate, or
add personal opinion.

b. Relevance - focus

exclusively on flood causes.

Do not include impacts such
as 1injuries, evacuations,
damages, etc., or future
plans or responses

c. Coverage - include all
causes mentioned in the
selected documents. Avoid
unnecessary repetition. Aim
for one sentence per unique
flood cause. Report
the causes and critical
information like location,
date, and time.

d. Coherence - make your
summary clear, readable,
and logical. It must read
as a brief report explaining
what caused the flooding in
past tense.

4. Output your
bullet-list.

summary as a

Sentences: {SENTENCE LIST}

cause some flash flooding across Scotland”
as factual reporting post-event.

In addition to contextual and directional er-
rors, LLMs rely on explicit lexical cues and have
broad semantic scope. They accept Subjective
and Unverified causality, e.g., “Well, at least
California has destroyed flood control
dams so more natural water flow fills
bays so some freaking snail survives” as
valid because they fail to differentiate objective
reporting from speculation, opinion and sarcasm.
Lastly, LLMs can be fooled by superficial key-
word matches we call Unrelated Mentions and
fail to differentiate natural hazard context use of
flood from metaphorical or non-hydrological use
of the it. For example, an LLM fails in the text:
“Eight people die in the London Beer Flood,
an accident at Meux & Co’s Horse Shoe
Brewery” to restrict the semantic scope to hydro-
logical events.

B.2 Multi-dimension Evaluation Variables

* Descriptive Precision. (5 variables) LLM-
generated summaries can suffer from hallu-
cination and overgeneralizations (Zhou et al.,
2025; Belém et al., 2025; Peters and Chin-
Yee, 2025). In DRM, an objectively grounded
report is critical; therefore, we measure nega-
tivity bias as counting the use of extreme de-
scriptors and numerical information, together
and specificity of spatiotemporal information
as the exactness of the location and time rated
on a 0-3 scale, alongside a binary presence for
date information.

— Numerical Mentions - any explicit nu-
merical expression that refers to causal
or contributing factors of the flood event.
Numbers referring to consequences must
not be coded. Each distinct numeri-
cal reference related to flood causes is
counted as one instance.

Table 8: Summary Prompt for Cause-Specific Sentences
as Input. {SENTENCE LIST} is the list of cause-
specific sentences for a flooding event. The list is sorted
by document and timestamp.
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— Extreme Descriptors - words or phrases
that go beyond neutral factual reporting
and add evaluative, emotional, or catas-
trophizing emphasis to the description of
the flood. Only explicit linguistic expres-
sions in the summary should be coded;
do not infer emotional tone.

— Location Specificity - measure level of
geographic detail preserved in the sum-
mary. (0 - no information available, 1



Model Type | Context Window (tokens) | Access (OpenAl/Huggingface)
GPT 40-mini closed 128K gpt-40-mini-2024-07-18

GPT 40 closed 128K gpt-40-2024-08-06

GPT 5-mini closed 400K gpt-5-mini-2025-08-07

GPT 5 closed 400K gpt-5-2025-08-07

Llama 3.1 - 8B Instruct | open 128K meta-llama/Llama-3.1-8B-Instruct
Mistral NeMo open 128K mistralai/Mistral-NeMo-Base-2407

Table 9: Information of evaluated and analyzed LLMs

- vague (country level), 2- moderately
specific (city, state, province, region), 3
- highly specific (street name, address,
building names, landmarks)

— Temporal Specificity - measure speci-
ficity of time related information. (0 - no
information available, 1 - recently, this
month, this week), 2 - moderately spe-
cific (early morning, evening), 3 - highly
specific (exact time is mentioned)

* Task Exclusivity. (3 variables). A query-
based domain-specific summary must fol-
low strict Instructions. To verify that the
strict semantic boundary between the task-
requirement is maintained between causes and
impacts, we track the presence of impact infor-
mation (e.g., casualties, infrastructure damage,
and emotional reactions) in the summaries.

— Casualty/Injured Information - refers to
individuals who are killed, injured, or
otherwise physically affected by an in-
cident or disaster, often requiring med-
ical attention or emergency response.
Code as (1-Present). Vague statements
of “people were affected” should not be
included.

— Infrastructure Damage Reports - refer
to documented occurrences of damage
caused by an incident, including losses
to property and crops and the costs of
repairing damaged infrastructure. Code
1 if present, O if no material destruction
is explicitly described

— Emotional Reactions - reactions that are
a result of certain mental states that in-
clude commonly recognized categories
such as happiness, sadness, fear, anger,
disgust, and surprise. Code 1 if at
least one explicit emotional expression
is present.

This was based on the exclusion list from
the original dataset’s annotation protocol
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(Dela Cruz et al., 2026Db).

* Causal Framing and Responsibility Attri-
bution. (12 variables) LLMs are known to se-
lectively retain, omit, or reframe texts (Alessa
et al., 2025; Pastorino and Moosavi, 2026;
Noels et al., 2026; Urman and Makhortykh,
2025). We evaluate causal framing by annotat-
ing the presence of natural causes, structural
causes and/or political causes. In addition,
we want to know which categories of causes
based on the cause categories from (Dela Cruz
et al., 2026b) are easy or considered difficult
to capture by tracking the presence of these
causes in the summaries. For responsibility
attribution, we annotate where the account-
ability is directed at whether it is directed
to individual, community, or governmental
responsibility reflecting disaster communica-
tions (Bailon et al., 2025).

— Natural Causes - weather or environmen-
tal causes are explicitly mention. Code 1
if present; this includes rainfall, storms,
monsoons.

— Structural/Infrastructural - explanations
of failures or limits of infrastructure,
these physical systems contribute to the
flooding. Code 1 if present.

— Political/Governmental Causes - expla-
nation of governance or policy failure
linked to political or institutional deci-
sions. Code 1 if present.

— Individual Responsibility - individuals
explicitly blamed for the event. Code 1
if present.

— Community Responsibility - collective
actors or groups or societies are respon-
sible for the flood. Code 1 if present.

— Government Responsibility - govern-
ment or institutions are blamed

— For the six variables: Rain/Tide/Snow,
Overflowing Water Bod-
ies, Infrastructure Failure,



Drainage/Blockage/Maintenance

Issues, Long-term Developments, and
Other Cause we refer to (Dela Cruz
et al., 2026b)’s paper. Code 1 if present

¢ Structural Quality. (4 variables) To assess
the overall organization quality of the sum-
maries, we measure relevance, coherence, and
coverage which are considered the default
variables for human evaluation for summa-
rization (Gehrmann et al., 2018; Fabbri et al.,
2021). We also evaluate verbosity to assess the
differences between LLLM and humans using
total sentence count. Coherence is measured
by a Likert-scale rating for clarity, readability
and logical flow. For coverage and relevance,
these were counts of unique covered causes
and relevant sentences in the summary.

B.3 Inter-Annotator Agreement Scores

We report the inter-annotator agreement scores in
Tables 10 and 11. Table 10 show the error category
annotation agreement scores. The measures were
computed on 84 summaries (2 input conditions X 6
models X 7 flooding events). The agreement scores
from Table 11 were computed on 28 summaries
(14 flooding events X 2 summary types (LLM and

Human)).
Error Category Reliability Interpretation
(ICC)
impact information 0.65 Moderate
forecast and warnings 0.66 Moderate
background context 0.53 Moderate
unrelated mentions 0.64 Moderate
weak causality 0.59 Moderate
subjective and opinions NA Almost Perfect

Table 10: Inter-annotator agreement scores for the error

categories. Agreement scores were measured using
Intraclass Correlation Coefficient (ICC).
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Dimension Variable Method Reliability Score | Interpretation
Numerical Mentions IcC 0.89 Good
Extreme Descriptors ICC 0.71 Moderate
Descriptive Precision | Location Specificity Cohen’s K 0.63 Substantial
Time Specificity Cohen’s K 0.51 Moderate
Date Specificity Cohen’s K 0.71 Substantial
Casualty and Injured Information Cohen’s K 0.47 Moderate
Task Exclusivity Infrastructure Damage Reports Cohen’s 0.83 Almost perfect
Emotional Reactions Cohen’s K 0.52 Moderate
Natural Cause Cohen’s - Almost Perfect
Structural Cause Cohen’s K 0.65 Substantial
Political Cause Cohen’s 1.00 Almost Perfect
Individual Responsibility Cohen’s K - Almost Perfect
Community Responsibility Cohen’s K 0.65 Substantial
Causal Framing and | Governmental Responsibility Cohen’s K 0.84 Almost Perfect
Responsibility Rain/Tide/Snow Cohen’s K - Almost Perfect
Attribution Overflowing Water Bodies Cohen’s K 0.62 Substantial
Infrastructure Failure Cohen’s 0.65 Substantial
Drainage/Blockage/Maintenance Issues | Cohen’s 0.79 Substantial
Long-term Developments Cohen’s 1.00 Almost Perfect
Other Cause Cohen’s K 0.55 Moderate
Coherence ICC 0.63 Moderate
Structural Quality Coverage ICC 0.73 Moderate
Relevance ICC 0.99 Relevance
Verbosity ICC 1.00 Excellent

Table 11: Inter-Annotator Agreement Scores across the four task-specific dimensions.
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