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Abstract
Extracting key information from news articles is crucial for ad-
vancing search systems. Historically, the 5W1H framework, which
organises information based on ’Who’, ’What’, ’When’, ’Where’,
’Why’, and ’How’, has been a predominant method in digital journal-
ism empowering search tools. The rise of Large Language Models
(LLMs) has sparked new research into their potential for perform-
ing such information extraction tasks effectively. Our study exam-
ines a novel approach to employing LLMs in the 5W1H extraction
process, particularly focusing on their capacity to mimic human
reasoning. We introduce two innovative Chain-of-Thought (COT)
prompting techniques to extract 5W1H in news: extractive rea-
soning and question-level reasoning. The former directs the LLM
to pinpoint and highlight essential details from texts, while the
latter encourages the model to emulate human-like reasoning at
the question-response level. Our research methodology includes
experiments with leading LLMs using prompting strategies to as-
certain the most effective approach. The results indicate that COT
prompting significantly outperforms other methods. In addition, we
show that the effectiveness of LLMs in such tasks depends greatly
on the nature of the questions posed.

CCS Concepts
• Computing methodologies→ Information extraction.
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1 Introduction
The 5W1H framework is a fundamental approach for analyzing
and organizing information in the news landscape. It is commonly
employed in journalism [7], research [3], and problem-solving [1]
to ensure that all critical aspects of a situation or event are com-
prehensively covered [2]. In the context of search, applying 5W1H
allows systems to better identify and classify relevant news articles
by focusing on these key elements [6]. Each component serves a
role in enhancing the granularity of the information retrieved [8].

COT prompting has become increasingly significant for reason-
ing tasks [11]. COT refers to a process in which the model generates
intermediate steps that guide it toward a logical conclusion [10].
This step-by-step reasoning approach enhances the model’s ability
to tackle complex problems that require multiple stages of inference.
By leveraging COT in LLMs, it is possible to break down intricate
queries into manageable parts, which can result in more accurate
and reliable outcomes [9].

We introduce COT prompts for 5W1H extraction in news. We
conducted an experimental framework to evaluate different prompt-
ing strategies on some of the most powerful LLMs currently avail-
able. Using a news dataset annotated with text spans, we mea-
sured the consistency of the LLMs’ responses through standard
text-matching metrics.

To our knowledge, this is the first study to compare COT
and few shot prompts for 5W1H extraction in English news.
Our principal contributions are outlined as follows:

– We introduce two COT strategies inspired by human reason-
ing specifically designed to extract 5W1H in news.

– Our experimental findings demonstrate that the strategies
collectively yield satisfactory outcomes for this task, with
certain strategies and models proving to be more effective
for specific questions.

2 Methodology
2.1 Task definition
The extraction of 5W1H is the identification of relevant units of
information from a text based on six key questions that help identify
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essential components of an informative text. The questions that
form this framework are:

• What, which describes the key facts, circumstances, and/or
actions mentioned in the news;

• Who, which identifies the main subject or entity involved in
the news;

• When, specifying the relevant time and/or date when the
events occurred;

• Where, which indicates the location or placewhere the events
took place;

• Why, explaining the reasons or causes behind the event; and
• How, which outlines the manner or method in which the
event unfolded.

In the context of news reporting, the descriptive text of a news
story typically includes a headline, a lead, and the body of the news.
It is understood that both the headline and lead describe the event,
while the body of the news provides a detailed description of the
event details. The headline summarises the essence of the news,
and the lead gives additional context, whereas the body delves into
the event’s particulars.

Automatic 5W1H extraction involves identifying text spans that
answer the six questions described above.

2.2 The reasoning behind 5W1H extraction
The first COT strategy, described in Fig. 1, was developed to emulate
reasoning based on the principle of information extraction. To
implement this, the LLM is provided with guidelines that instruct
when to remove a sentence andwhen to retain it for further analysis.
The inclusion/exclusion guidelines are:

• Remove sentences related to additional content, background
information, or descriptive elementswithin the ‘NEWS_BODY’
that do not directly relate to the main ‘EVENT’, and replace
such sentences with ‘[...]’.

• Ensure that the resulting ‘NEWS_BODY’ remains focused
on addressing the core 5W1H questions about the main
‘EVENT’. Give priority to content that clearly answers these
questions.

• Preserve the original wording of the article as much as pos-
sible, with the only modification being the replacement of
irrelevant sentences.

• Finally, if no irrelevant sentences are identified or if the
analysis proves challenging due to the provided content,
leave the ‘NEWS_BODY’ unchanged.

The second COT strategy used in this study, described in Fig.
2, incorporated specific guidelines tailored to each of the 5W1H
questions. These guidelines follow the instructions used to train
human annotators within the 5W1H framework, according to [4].
We embedded the rationale for applying these guidelines in the
examples provided to the LLM. This approach allows the LLM to
link reasoning to a finer level of granularity, depending on the
question it is addressing.

3 Experiments
3.1 Design of experiments
This study addresses three research questions:

• Q1: Which LLM model is the most effective for 5W1H ex-
traction?

• Q2: What prompting strategy is the most effective for 5W1H
extraction?

• Q3: Are there more effective prompt strategies for certain
5W1H questions?

To address these questions, we evaluated prompting strategies
based on the responses provided by the most prominent LLMs
available. We assessed GPT-4o (OpenAI, version release August 6,
2024, https://platform.openai.com/docs/models/gpt-4o), Claude-3-
5-sonnet (Anthropic, version release June 20, 2024, https://claude.
ai/), and Gemini-1.5-Pro (Google DeepMind, version release May
24, 2024, https://deepmind.google/technologies/gemini/pro/).

3.2 Prompt engineering
We evaluate three prompting strategies to extract 5W1H in news:
COT, zero-shot and few-shot prompting. For each of these strategies,
we used prompts that defined the task to be solved and incorpo-
rated elements that enriched the task’s contextual description. The
prompts were designed incrementally, each new prompt adding
more information to complete the task description, providing ad-
ditional instructions, and including examples. The set of prompts
used in this study is:

• P1 (zero-shot) is a prompt that defines the extraction task. In
the system role, general instructions are given, general rules
are established, and it is emphasized that the responses must
be directly based on the provided content. In the user role,
the news article is provided, including the headline, lead,
and body.

• P2 (zero-shot) builds upon P1 by adding a detailed descrip-
tion of each 5W1H element.

• P3 (zero-shot) extends P2 by adding the instruction, “Only
use excerpts from the provided context.

• P4 (one-shot) adds to P3 an example that includes a news
article and the expected responses.

• P5 (few-shot) builds on P4 by adding a second example along
with the expected answers.

• P6 (few-shot) builds on P5 by adding a third example with
the corresponding expected answers.

• P7 (Extractive COT, ours) defines guidelines for removing
irrelevant text. It specifically asks to remove sentences in the
body of the text that do not directly relate to the headline and
lead of the news. It includes one example. After irrelevant
text is filtered out, the 5W1H extraction is performed using
one-shot prompting.

• P8 (Extractive COT, ours) mirrors P7 but uses few-shot
prompting based on two examples.

• P9 (Extractive COT, ours) follows the same logic as P8 but
incorporates three examples.

• P10 (Question-level COT, ours) introduces complex reason-
ing for each question using one example. The reasoning per
question is based on annotation guidelines used in [4].

• P11 (Question-level COT, ours) mirrors P10 but with two
examples, making it COT few-shot.

To construct the few-shot prompts, five examples not included
in the dataset but studied in [4] were used.

https://platform.openai.com/docs/models/gpt-4o
https://claude.ai/
https://claude.ai/
https://deepmind.google/technologies/gemini/pro/
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Figure 1: Extractive reasoning COT prompt used for 5W1H extraction.

To favor reproducibility the prompts are available in: https://
github.com/cmunhozc/5W1H-prompt-strategies.

3.3 Dataset
We explore our research questions using the Giveme5W1H dataset
[2], which gathers news across various topics, including politics,
business, international affairs, and sports. The news articles come
from various web sources and include various publishers, such as
the Daily Mail, The Sun, The Independent, Mirror, BBC, Telegraph,
and others. For each article, the dataset contains key elements such
as the ’headline’, ’lead’, and the ’news body’. Each news article is
annotated according to the 5W1H framework, forming the gold stan-
dard partition of the dataset, which comprises a total of 96 news arti-
cles (Data available at: https://github.com/fhamborg/Giveme5W1H/
tree/master/Giveme5W1H/examples/datasets/gold_standard/data).

3.4 Results
To address Q1, we assessed the correspondence between the re-
sponses generated by the LLMs and Giveme5W1H.We used ROUGE
[5], including ROUGE-1, which measures unigram overlap, ROUGE-
2, which captures bigram overlap, and ROUGE-L which focus on the
longest common subsequence. Furthermore, we included F_BERT
[12], which evaluates similarity using contextual embeddings. Table
1 shows these results.

Upon reviewing the best results per metric for each LLM (bold
fonts), we observe that COT prompts achieve better outcomes.
Regarding each metric, while ROUGE-based metrics demonstrate
how closely outcomes align with reference texts, the F_BERTmetric
reveals that semantic alignment with reference responses is also
achieved. Table 1 shows that both Gemini-1.5 and GPT-4o improved
ROUGE results using COT Frame 2 (P10-P11) and better semantic

https://github.com/cmunhozc/5W1H-prompt-strategies
https://github.com/cmunhozc/5W1H-prompt-strategies
https://github.com/fhamborg/Giveme5W1H/tree/master/Giveme5W1H/examples/datasets/gold_standard/data
https://github.com/fhamborg/Giveme5W1H/tree/master/Giveme5W1H/examples/datasets/gold_standard/data
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Figure 2: Question-level reasoning COT prompt used for 5W1H extraction.

matches using COT Frame 1 (P7-P9). Claude-3.5 exhibits a different
behavior, enhancing both lexical and semantic matching when
employing question-level reasoning (COT Frame 2).

Regarding the global results and concerningQ1, the best perfor-
mances are obtained by GPT-4o and Claude-3.5. Concerning
Q2, the evidence indicates a strong trend that favors prompts
that incorporate reasoning. These prompts significantly outper-
form zero (P1-P3), one (P4), or few-shot learning prompts (P5-P6).
We conclude that no single prompt guarantees the best over-
all results but COT prompts surpasses the quality of the
results obtained using other techniques.

To address Q3, we use the same metrics but this time disaggre-
gated by question type. We present the results achieved by each
LLM according to the prompts that yielded their best performance.
These results are shown in Table 2.

Table 2 shows that, generally, the question where LLMs per-
form best is ’who’. The only model that deviates from this pattern
is GPT-4o, which performs better in the ’where’ question. Table 2
also shows that the most challenging question type is ’how’.
For the ’who’ question, Claude-3.5 and Gemini-1.5 achieve their
best results using question-level reasoning (P10-P11), while GPT-4o

do so using extractive reasoning (P8-P9). Globally, the experiments
demonstrate that no single model achieves the best results across
all six questions. On the one hand, GPT-4o effectively answers the
’when’, ’where’, and ’why’ questions. In the first two, the best strat-
egy relies on question-level reasoning (P10). However, for the ’why’
question, the best approach used by GPT-4o is based on extractive
reasoning (P7). On the other hand, for the ’what’, ’who’, and ’how’
questions, the best-performing model is Claude-3.5. In this case,
the most effective strategy consistently relies on question-level
reasoning (P11). Consequently, regarding Q3, the evidence shows
that question-level reasoning (P10-P11) is superior for five of the
six questions in the framework. In contrast, extractive reasoning
(P7) is more effective for the remaining ’why’ question.

4 Conclusion
Mimicking human reasoning using COT prompting is the most ef-
fective strategy for 5W1H extraction. We demonstrate that GPT-4o
and Claude 3.5 achieve the best results in the task. We also observe
that the effectiveness of the prompts depends on both the specific
LLM used and the type of question being asked. Furthermore, the
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Table 1: Evaluation of prompting techniques for 5W1H ex-
traction from Giveme5W1H data using LLMs. Bold fonts
indicate the best results per metric for each LLM. The best
global results per metric are depicted in red.

P# ROUGE-2 ROUGE-L ROUGE-1 F_BERT

GP
T-
4o

P1 0.166 0.293 0.305 0.866
P2 0.193 0.297 0.309 0.868
P3 0.219 0.367 0.377 0.878
P4 0.196 0.331 0.346 0.870
P5 0.206 0.346 0.360 0.872
P6 0.220 0.376 0.389 0.877
P7 0.244 0.414 0.421 0.892
P8 0.249 0.421 0.428 0.892
P9 0.243 0.410 0.417 0.890
P10 0.260 0.427 0.437 0.888
P11 0.232 0.382 0.392 0.881

Cl
au
de
-3
.5

P1 0.129 0.226 0.243 0.862
P2 0.153 0.257 0.274 0.869
P3 0.173 0.292 0.310 0.876
P4 0.145 0.250 0.269 0.868
P5 0.164 0.278 0.297 0.874
P6 0.173 0.330 0.348 0.876
P7 0.202 0.320 0.338 0.882
P8 0.196 0.315 0.330 0.882
P9 0.195 0.318 0.333 0.882
P10 0.236 0.375 0.387 0.895
P11 0.248 0.412 0.425 0.893

Ge
m
in
i-1

.5

P1 0.134 0.238 0.254 0.860
P2 0.161 0.295 0.311 0.873
P3 0.160 0.288 0.302 0.873
P4 0.126 0.233 0.244 0.858
P5 0.139 0.249 0.260 0.860
P6 0.149 0.279 0.290 0.864
P7 0.204 0.326 0.339 0.882
P8 0.210 0.324 0.337 0.878
P9 0.200 0.315 0.328 0.877
P10 0.226 0.351 0.365 0.872
P11 0.174 0.282 0.291 0.861

Table 2: Best results obtained by each LLM for every 5W1H
question.We highlight in bold fonts the best result permetric
for each LLM. The red color marks the overall best perfor-
mance for each question.

Query P# ROUGE-2 ROUGE-L ROUGE-1 F_BERT

GP
T-
4o

what P8 0.276 0.383 0.404 0.885
who P9 0.499 0.638 0.641 0.916
when P10 0.292 0.112 0.570 0.906
where P10 0.310 0.680 0.690 0.930
why P7 0.234 0.317 0.321 0.880
how P10 0.073 0.117 0.121 0.840

Cl
au
de
-3
.5 what P11 0.280 0.361 0.382 0.886

who P11 0.514 0.650 0.677 0.927
when P11 0.233 0.558 0.561 0.913
where P11 0.246 0.497 0.517 0.919
why P11 0.131 0.280 0.285 0.874
how P11 0.085 0.125 0.130 0.843

Ge
m
in
i-1

.5 what P10 0.188 0.285 0.305 0.866
who P10 0.401 0.550 0.573 0.896
when P10 0.236 0.416 0.431 0.873
where P10 0.265 0.462 0.474 0.886
why P10 0.175 0.247 0.255 0.864
how P10 0.094 0.147 0.153 0.845

study reveals that extractive reasoning is more suitable for address-
ing the ’why’ question, whereas the other five questions are better
approached using question-level reasoning.

Future work could focus on extending our proposal to other more
complex prompting strategies and evaluate the potential applica-
bility of these findings to other domains. such as event ontology
population [8], systematic literature review [3] or the detection of
real events from multimedia [6].
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