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Abstract
In studies of media coverage of extreme climate events, NLP methods have become indispensable for identifying
relevant texts in large news databases. Still, enough annotated data to train accurate deep learning-based classifiers
from scratch is often not available. Topic Models have the advantage of being both unsupervised and interpretable,
but are typically used only for exploratory analysis or data characterisation. In this study, we investigate how to employ
Topic Models as binary classifiers for refining the retrieval of relevant news about seven types of extreme climate
events in the German media. Our method relies on the posterior distributions estimated by Topic Models to select
relevant documents, without modifying their training procedure. Using an annotated sample to guide the evaluation, we
show that the probabilities assigned to keywords used to query news databases can also be informative for selecting
relevant topics and improve sample precision. We compare our results to a fine-tuned text embedding classifier
and an open-weight LLM, discussing observed trade-offs, e.g. the LLM’s lowest precision. Moreover, we show
that results are hazard-dependent, which speaks against considering climate events as a single category in NLP tasks.
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1. Introduction

Assume we are gathering news about floods events
to study collective attention in the media. Simply
querying a news database to retrieve documents
containing the string flood would not only match
news reporting on actual floods, but also many false
positives. Consider this (obviously constructed) ex-
ample: “Soccer fans experienced a flood of emo-
tions witnessing floodlights being turned on as play-
ers flooded the field: the game could finally begin
after the risk of a flash flood was ruled out.” This il-
lustrates a central challenge in information retrieval:
the term flood can have metaphorical senses, be
part of compound nouns unrelated to climate or re-
fer to a merely hypothetical hazard. Thus, despite
the repeated presence of the term flood, this text is
rendered unrelated to actual flood events.

Pitfalls like that can emerge at the intersection
of environmental and social sciences, such as in
text-based climate impact and adaptation research.
This field often relies on NLP methods to process
texts about climate events and their consequences
(Alencar et al., 2024; Nunes Carvalho et al., 2024,
inter alia). In this context, dictionary-based re-
trieval is a typical procedure: large databases are
queried using a curated list of hazard-related key-
words to find potentially relevant documents about
e.g. floods, droughts or wildfires (e.g. Sodoge et al.,

  

Large farmers' protests highlighted fears that 
the agreement would flood the European 
market with cheaper, less regulated 
agricultural products from Latin America, 
further pressuring an already struggling 
sector. The European Commission says it 
addressed these concerns by adding several 
safeguards to the deal.

Strong winds and heavy rain on Thursday 
caused flight, train, and ferry cancellations, 
creating chaos on the roads in southern 
France, northern Spain, and parts of 
Portugal. (...) The storm uprooted trees, 
flooded roads, and left thousands without 
power. In Portugal, a viaduct partially 
collapsed due to flooding.

Sources:
https://www.dw.com/en/latin-america-waiting-whats-next-for-the-eu-mercosur-deal/a-75666418
https://www.dw.com/en/storm-nils-batters-france-spain-3-dead-thousands-without-power/a-75945815
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Source: Deutsche Welle, 12.02.2026 

Latin America waiting: What's next for the EU-Mercosur deal?

Storm batters France, Spain: 3 dead, thousands without power

Figure 1: Relevant news articles can be identified
based on the saliency of relevant topics in their
representation estimated by a topic model.

2023; Li et al., 2025). But as we just saw above, the
mere presence of a keyword in a document does
not guarantee its relevance. If term presence or
frequency are directly used as predictors in quanti-
tative assessments, research validity is impaired.

Although keyword-based matching serves as a
reasonable prefiltering step for creating an initial
collection of documents with good recall, retrieval
results must be further refined using other classi-
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fication methods to detect true and false positives
and improve their precision. This is an open prob-
lem recently discussed by Grasso et al. (2024).

In this paper, we investigate the possibility of
yielding a binary classification model for identify-
ing relevant documents using the probabilities esti-
mated by unsupervised vanilla Topic Models (TM),
as the overview in Figure 1. We assume a situation
with a small amount of annotated data that is not
enough for training deep learning-based models
from scratch but still informative for evaluation.

Our main contributions in this paper are:

i a data analysis of news articles in German an-
notated with seven types of extreme climate
events;

ii the usage of TMs for relevance classification
without any needed modification on the train-
ing regime and no direct human effort in topic
interpretation; and

iii evidence that TMs are, for some hazards, on par
with deep learning alternatives, with the advan-
tage of interpretability and a tendency to higher
precision.

2. Related Literature

Retrieval of environment-related documents
Document retrieval is an ubiquitous step in creating
corpora for socio-environmental research. To name
a few recent large-scale approaches, Leippold and
Varini (2020) implemented a graph-based heuristic
on Wikipedia metadata of entries on climate topics,
Kong and Purves (2026) relied on climate-related
keywords to retrieve news and Cai et al. (2025)
used a hazard event database for a targeted query
of news articles and refined results using a Large
Language Model (LLM). Our work focuses on the
step of refining an initial sample of documents re-
trieved via keyword-matching methods.

Topic Models TMs such as Latent Dirichlet Allo-
cation (LDA) (Blei et al., 2003) and Non-Negative
Matrix Factorization (NMF) yield distributions of top-
ics in documents in an unsupervised fashion. Many
variations exist, e.g. keyword-assisted TMs (Es-
hima et al., 2024), which exploit keywords to guide
clustering and circumvent post hoc topic interpreta-
tion, CorEx (Gallagher et al., 2017), which relies on
an information-theoretic framework, and Top2Vec
(Angelov and Inkpen, 2024), which performs clus-
tering in an embedding space shared by documents
and words. TMs often aid characterising corpora in
climate and ecology research (Lesnikowski et al.,
2019; Stede et al., 2023; Madruga de Brito et al.,
2025; Zander et al., 2023; Peura et al., 2025; Beck-
les and Heidke, 2025; Barz et al., 2025, inter alia).

Tuning and assessing the quality of TMs is intri-
cate if performed purely intrinsically (Maier et al.,
2021), but our evaluation is enhanced by annotated
data that allows known document properties to be
compared to the formed topics.

TMs for text classification TMs have been
widely used to map texts to classes, e.g. by feeding
their outputs as input features for other classifiers
(Li et al., 2016b; Anantharaman et al., 2019; Seifol-
lahi et al., 2021). Other works aligned topics to
classes, either directly (Sarioglu et al., 2013), by
experts (Hingmire et al., 2013) or by configuring the
priors in a way that induces desired clusters (Miller
et al., 2016; Rubin et al., 2012), e.g. by relying on
relevant keywords (Chen et al., 2015; Zha and Li,
2019; Li et al., 2016a, 2018). Keyword selection
can also derive a lower dimensional set of features
for other types of classifier models (Onan et al.,
2016). Mcauliffe and Blei (2007) incorporated a re-
sponse variable into the TM training, to jointly model
documents and their classes or scores. While many
procedures require adjusting priors or the modelling
approach, we stick to standard LDA and NMF im-
plementations, which are arguably more accessible
for newcomers and researchers from other fields.

Text classification in climate research Climate-
related text classification is an established NLP
task; in many settings, it remains an unsolved
problem even for LLMs, with performance often
well below 0.75 F1 in the ClimateEval benchmark
(Kurfali et al., 2025). In the study by Li et al. (2024),
a fine-tuned encoder achieved an F1 of 0.98 for
identifying relevant documents on climate extreme
impacts, but only in English and on a small sample
of cleaner Wikipedia entries with climate-related
keywords in their titles. This restriction likely
ensured a majority of relevant matches, but
resulted in an unknown number of missed cases.
When full texts are considered (as we do), there is
less room for false negatives while substantially
increasing the need for filtering out false positives,
especially with imbalanced datasets.

The problem we tackle in this paper is similar to
the work by Grasso et al. (2024): corpus construc-
tion via keyword-based prefiltering and automatic
classification. We differ by focusing on German,
handling specific hazards separately and exploring
TMs for classification, not only for topic analysis as
that work did. Our design builds upon existing work
with a novel perspective: we do not change the
LDA and NMF internal mechanisms and explore the
posterior probabilities (or normalised scores) they
assign to keywords as a means to automatically
partition topics and perform binary classification of
news about extreme climate events.
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3. Methods

This section formalises the task and explains how
topic models are applied for binary classification.
Then, it describes the two deep learning strategies
used for comparison.

3.1. Task Formalisation
Let D be a set of documents d, each belonging
to a binary class C = {0, 1}, and V be the set of
all tokens w that appear in D. Class 1 represents
relevant documents. A document classifier is a
function f :D → C that maps documents to classes
and can be approximated by various methods.

Furthermore, let F ⊆ V be a set of feature
tokens selected from V based on given criteria
(e.g. minimum frequency and part-of-speech tags)
and K ⊂ F be a small set of predefined tokens of
interest which we name keywords. A trained topic
model M with n topics T estimates two distribu-
tions: pfeat, the probability of a feature token in a
topic and ptopic, the probability of a topic in a docu-
ment. In other words, a document is represented
as a probability distribution over topics and a topic,
as a probability distribution over feature tokens.

With M ’s estimations, we can define a binary
relation R between D and T representing whether
each document is related to each topic. To use
M for binary classification, a partition of topics T
with two sets is created, each corresponding to a
class in C. The class of a topic must also correctly
classify documents related to such a topic.

3.2. Classification with Topic Models
Firstly, a TM is trained on the entire collection of
unique documents using selected hyperparame-
ters, following standard procedures (described in
Section 5). Then, two further steps are needed: (i)
assigning topics to documents and (ii) identifying
which topics are to be regarded as relevant.

For (i), we define the relation R as ptopic(t, d) ≥ θ
with 0 ≥ θ ≥ 1. That means that if the proportion of
a topic t in a document d is at least a threshold, we
consider that d discusses topic t (as in Figure 1).

For (ii), we propose two ways to partition topics
into two classes, relevant and not relevant, avoiding
the usual post hoc human interpretation in TMs:

• keyword proximity: topic t is assigned to the
relevant class if ∃w ∈ K : pfeat(w, t) > γ. In
other words, if the topic assigns a high enough
probability to at least one keyword, the topic
belongs to the partition of the relevant class.

• top terms: if there is a keyword among the
top k features of a topic (ranked by probability),
the topic is assigned to the relevant class.

  

Home to the largest river in the world by volume, the Amazon, 
Brazil holds about 12% of global freshwater reserves. As a result, 
many Brazilians have long run with the narrative that their water 
is abundant. But that is changing. (...) Last year, Brazil was 
plagued by water shortages from the north to the south. 
Authorities declared a state of water scarcity in five major river 
basins, and wildfires ravaged the Amazon rainforest and Pantanal 
wetlands after months of drought. Source: Deutsche Welle, 16.04.2025

Sources:
https://www.dw.com/en/why-brazil-faces-a-water-crisis/a-72243220
https://www.dw.com/en/deadly-unprecedented-wildfire-rages-in-southwestern-france/a-73542333

Why Brazil faces a water crisis

More than 2,100 firefighters are still battling an intense wildfire 
in the Corbieres hills in a Mediterranean region of France near the 
border to Spain. They are supported by some 90 firefighting 
planes (...) From Thursday, several dozen soldiers and three army 
helicopters will help battle the fire, which broke out Tuesday 
afternoon in the village of Ribaute in the Aude region, a rural, 
wooded area home to wineries. The blaze has since swept 
through 16,000 hectares. Authorities described it as the largest 
fire in nearly 80 years. Source: Deutsche Welle, 26.08.2024 

Deadly 'unprecedented' wildfire rages in southwestern France

Figure 2: Wildfires as the main topic (top) or men-
tion (bottom) in news excerpts.

The actual classification of each document is
made as follows: if the document is related to at
least one of the relevant topics, we consider it to be
relevant. Otherwise, it is classified as not relevant.

3.3. Deep Learning Classifiers
The performance of our TM approach is compared
to two deep learning alternatives: a fine-tuned text
embedding model and an LLM. The first is a binary
classifier trained using the SetFit framework (Tun-
stall et al., 2022) which fine-tunes a pretrained text
embedding model with a classification head, aiming
at optimising task-specific embeddings based on
a set of contrastive examples. The latter prompts
an LLM to generate a binary label classifying the
document as relevant or not. The implementation
details are explained in Section 5.

4. Data

The data for this study derives from an ongoing
project on the collective attention to extreme climate
events in the German media. Seven types of haz-
ards were selected (cold waves, droughts, floods,
heat waves, landslides, storms and wildfires). The
wiso-net news aggregation database1 was queried
using a pre-defined list of hazard-related key-
words, similar to (Li et al., 2024; Madruga de Brito
et al., 2025; Carvalho et al., 2025, see Appendix).
The retrieved collection contained 13,771,411 Ger-
man news articles from around 370 outlets, span-
ning from 2000 to 2024, split into separate sub-
collections for each extreme climate event.

We make a distinction between two types of rel-
evant news: main, in which the extreme climate
event is the main topic, and mention, that refer to it
en passant, of secondary importance among other
more prominent topics, as shown in Figure 2. Both

1https://www.wiso-net.de/

https://www.wiso-net.de/
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Figure 3: % of documents per year (left) and % of documents per extreme climate event (right).

forms count towards levels of collective attention,
but automated identification of the latter is more
challenging due to brevity and underspecification.

We are primarily interested in the coverage of
international events in German news, so basic rule-
based procedures were implemented to reduce the
amount of local or unrelated news. As the data
we are working with was queried via unrestricted
keyword matching, many false positives occurred.
Of particular relevance to this paper is the filter for
what we call “intruder” keywords, i.e. words that
derive from valid hazard-related keywords but are
unrelated to climate events. For instance, the name
Dürrenmatt, retrieved by Dürre (drought), Flutlicht
(floodlight), by Flut (flood) and Stürmer (forward
player in football), by Stürme (storms). To reduce
the number of unrelated documents, we excluded
all instances that contained only intruder keywords.
Other preprocessing steps for filtering and cleaning
the data are summarised in the Appendix.

Final document collection The previous steps
resulted in a sample of 2,438,275 documents
(17.71% of the originally retrieved instances). They
have, on average, 537.19 tokens (std=362.06) and
28.66 sentences (std=20.12). The news database
has an inherent temporal bias towards recent years,
illustrated in Figure 3 (left). The distribution over
types of hazards is also shown in Figure 3 (right).

Gold standard A sample of 3,150 documents
was randomly selected while ensuring uniform dis-
tribution across hazard types (450 each) and years
(18 each per hazard) and no duplicates per hazard.
Two annotators classified the news as relevant or
not (see annotation instructions in the Appendix)
while also judging whether the event of interest
was the news’ main topic or just a mention. Ta-
ble 1 shows the percentage of relevant documents
identified in the annotated sample. The initial effec-
tiveness of the dictionary-based approach, together
with the rule-based preprocessing, depends on the
type of extreme climate event: while the landslide
portion already reached a precision of almost 0.6,
cold and heat waves stayed below 0.2.

relevant main topic
cold wave 14.44 4.22

drought 36.00 4.22
flood 43.33 12.44

heat wave 19.78 2.44
landslide 58.67 17.56

storm 27.56 7.33
wildfire 41.56 21.11

Table 1: Percentage of relevant documents for each
type of extreme climate event in the gold standard.

Identifying relevant documents is not as straight-
forward as it may sound. A subset of 100 news
was annotated by both annotators independently.
The overall agreement proportion in the primary bi-
nary decision (relevant or not) was 0.77 (κ = 0.53),
indicating that there are sources of legitimate dis-
agreement in this decision. Apart from potential
errors, disagreements may stem from differences
in perception of what constitutes an extreme and
concrete natural event. Some cases which may
have involved such subjectivity were (translated
from German):

• cold wave: “...the son, travelled on Monday
during the snow chaos from Cologne to Wis-
mar in order stay by his mother.”

• drought: “the mine was found two weeks ago
due to the low water level in the Rhine river.”

• landslide: “we knew the situation when a
country closed the border or a street was
blocked for a week due to a landslide or some-
thing else.”

5. Experiments

The varying estimated proportions of relevant doc-
uments for each hazard sample suggest that these
phenomena manifest differently not only in their
nature but also in their coverage and linguistic fea-
tures. Therefore, each classification strategy was
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conducted for each type of extreme climate event
separately. The annotated sample was randomly
split into a training and a test set with 350 and 100
instances, respectively, for each hazard. The pre-
sented results were computed in the test split.2

Topic models Documents were preprocessed to
extract their features partially based on the proce-
dure by Grasso et al. (2024). We used Spacy’s3

model de_core_news_lg to tokenize, lemmatise
and label tokens with their part-of-speech tags. To-
kens with less than 3 characters and stopwords
were removed, as well as non-alphabetical char-
acters. All tokens were lowercased. The feature
selection involved two criteria: the term’s document
frequency and part-of-speech tag. All keywords
were kept as features, even if they did not meet
the minimum frequency threshold, to ensure they
had a chance to contribute to forming a topic. To
avoid the induction of topics based on duplicated
news, only one instance of texts with high simi-
larity was included. Gensim’s4 implementation of
the LDA and NMF methods was used to train topic
models. The number of topics was a hyperparame-
ter. For LDA, the eta and alpha arguments were
set to auto. We run various combinations of the
three hyperparameters (minimum document fre-
quency, part-of-speech tags and number of topics)
and, for each model, we computed results vary-
ing the values for k, γ, for top term and keyword
proximity, and θ. For each hazard, we selected the
best-performing models in the training split. Spe-
cific parameters and the final configuration that
produced the results are in the Appendix. The
code is available at https://codeberg.org/
briemadu/tm-as-classifier.

Text embeddings This classifier was trained via
the Small-Text (Schröder et al., 2023) wrapper im-
plementation around SetFit (with its default con-
figuration in HuggingFace) and Sentence Trans-
formers (Reimers and Gurevych, 2019). In this
method, the classification is performed by a logistic
regression component on top of the fine-tuned text
embeddings. We opted for the BAAI/bge-m3 text
embeddings released by (Chen et al., 2024) due
to the model’s multilingual capabilities and longer

2Note that the use of train/test splits depends on the
classifier. TMs’s unsupervised fitting included all unique
documents, since the objective here is not to generalise
to unseen data but to optimise for topics that best fit our
own documents. Still, only the train split was used to
select the best model configuration to avoid overfitting to
the test data in this choice. The text embeddings model
used the train split for fine-tuning. The LLM was directly
prompted with the test data in a zero-shot approach.

3https://spacy.io/
4https://radimrehurek.com/gensim/

context length (8,192 tokens), since standard Sen-
tence Transformers that typically allow only up to
512 tokens would not suffice for longer news arti-
cles. Training was performed with a batch size of
16 instances and a learning rate of 10−5.

LLM Since the purpose of this paper is not
to benchmark LLM performance, we chose only
one model to serve as a reference. Results
were produced by mistralai/ministral-3-
14b-reasoning.5 We selected an open-weight
model that could be run locally and keep the data
in our own infrastructure.6 The prompt contained
instructions similar to those given to the annotators,
including the definition of the hazard and of the la-
bels, the hazard’s keywords and the main body of
the news article. The exact prompt and values are
in the Appendix. We had to programatically parse
answers that included spurious prefixes before the
actual label.

Evaluation
The models’ performance was quantitatively as-
sessed with conventional binary classification met-
rics: precision, recall and F1 score of the positive
class. The test sample’s precision and a presumed
recall of 1 were used as a baseline to measure
how much the classifiers improve retrieval preci-
sion without reducing its recall. The evaluation was
enriched with a detailed analysis of the TM results.

We present results for three variations of TMs:
tm-f1 was run with the configuration that resulted
in the highest F1 score (on the training split) in our
hyperparameter search; tm-b uses the configura-
tion that balanced precision and recall to be both
as high as possible; and tm-p has the configuration
with the highest precision while retaining some level
of recall. We also compare results to an ensem-
ble strategy that performs classification via majority
voting across the outputs of tm-b, fine-tuned text
embeddings and LLM classifiers.

6. Results

Aggregated results We first examine results ag-
gregated over the whole test split (n = 700), i.e. in-
cluding all extreme climate events. Table 2 shows
precision, recall and F1 score for all classifiers. The
rightmost column shows the number of news arti-
cles of type main that were correctly identified as
relevant. All classifiers succeeded in considerably
increasing the low proportion of relevant documents
in the keyword-based sample, but TMs and deep

5https://huggingface.co/mistralai/
Ministral-3-14B-Reasoning-2512

6We did not compare results to closed commercial
models as they are at odds with open science principles.

https://codeberg.org/briemadu/tm-as-classifier
https://codeberg.org/briemadu/tm-as-classifier
https://spacy.io/
https://radimrehurek.com/gensim/
https://huggingface.co/mistralai/Ministral-3-14B-Reasoning-2512
https://huggingface.co/mistralai/Ministral-3-14B-Reasoning-2512
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P R F1 n main

baseline 0.350 1.000 0.519 58
tm-f1 0.637 0.710 0.672 56
tm-b 0.710 0.649 0.678 55
tm-p 0.808 0.396 0.532 47

fine-tuned 0.647 0.853 0.736 57
llm 0.583 0.976 0.730 58

majority 0.701 0.890 0.784 58

Table 2: Aggregated results: binary precision, re-
call and F1 score of all classifiers in the test split
and the number of news of type main correctly
identified.

learning strategies behaved differently in how pre-
cision and recall were balanced. While the LLM
had almost maximum recall with a substantial mar-
gin over other models, its precision was the lowest.
tm-p had the highest precision but at the cost of
low recall. tm-b achieved the second highest pre-
cision with a more reasonable recall. The majority
voting approach led to the highest F1 score. If we
focus on the identification of news of type main, all
classifiers (apart from tm-p) performed very well,
identifying at least 55 out of the 58 instances.

Results by hazard Aggregated results can mask
variations in performance for each underlying haz-
ard. Table 3 summarises results by hazard type,
in line with the fact that models were trained sep-
arately. We can see that metrics varied greatly
depending on the phenomenon: the lowest best
F1 score of 0.59 occurred for heat wave whereas
the highest best of 0.92 was observed for landslide.
Majority voting achieved the best F1 scores for five
hazards and the fine-tuned text embeddings for the
other two. The LLM consistently held the highest
recall in all hazards. tm-b had the best precision
in the three most imbalanced (cold waves, heat
waves and storms).

Discussion In aggregated results, TM perfor-
mance was indeed lower than that of deep learn-
ing strategies, but the moderate reduction of only
around 0.06 in F1 score still provides a much-
desired gain in interpretability: we can explain ex-
actly why each document was classified as relevant.
The deep learning strategies tended to incur more
false positives whereas TMs could reduce the pro-
portion of unrelated documents while causing more
false negatives. Models with higher precision but
low recall, like tm-p, can still be useful when sample
precision is a priority, since a sample with low re-
call may still be representative and of enough size
in large datasets. High precision helps reduce the
impact of unrelated documents in downstream anal-

P R F1
cold wave baseline 0.170 1.000 0.291

tm-f1 0.471 0.471 0.471
tm-b 0.583 0.412 0.483
tm-p 0.500 0.059 0.105
fine-tuned 0.297 0.647 0.407
llm 0.455 0.882 0.600
majority 0.542 0.765 0.634

drought baseline 0.440 1.000 0.611
tm-f1 0.517 0.682 0.588
tm-b 0.622 0.523 0.568
tm-p 0.938 0.341 0.500
fine-tuned 0.686 0.795 0.737
llm 0.525 0.955 0.677
majority 0.692 0.818 0.750

flood baseline 0.360 1.000 0.529
tm-f1 0.605 0.639 0.622
tm-b 0.595 0.611 0.603
tm-p 0.750 0.167 0.273
fine-tuned 0.737 0.778 0.757
llm 0.600 1.000 0.750
majority 0.738 0.861 0.795

heat wave baseline 0.200 1.000 0.333
tm-f1 0.423 0.550 0.478
tm-b 0.600 0.450 0.514
tm-p 0.600 0.150 0.240
fine-tuned 0.439 0.900 0.590
llm 0.322 0.950 0.481
majority 0.429 0.900 0.581

landslide baseline 0.580 1.000 0.734
tm-f1 0.785 0.879 0.829
tm-b 0.778 0.845 0.810
tm-p 0.816 0.690 0.748
fine-tuned 0.877 0.983 0.927
llm 0.826 0.983 0.898
majority 0.826 0.983 0.898

storm baseline 0.270 1.000 0.425
tm-f1 0.680 0.630 0.654
tm-b 0.800 0.593 0.681
tm-p 0.625 0.185 0.286
fine-tuned 0.558 0.889 0.686
llm 0.614 1.000 0.761
majority 0.714 0.926 0.806

wildfire baseline 0.430 1.000 0.601
tm-f1 0.773 0.791 0.782
tm-b 0.825 0.767 0.795
tm-p 0.844 0.628 0.720
fine-tuned 0.750 0.837 0.791
llm 0.662 1.000 0.796
majority 0.809 0.884 0.844

Table 3: Detailed results: binary precision, recall
and F1 score of all classifiers in the test split for
each hazard type.



121

.20

.15

.10

.05

.00

ke
yw

or
d 

pr
ob

cold wave .20

.15

.10

.05

.00

drought .20

.15

.10

.05

.00

flood .20

.15

.10

.05

.00

heat wave .20

.15

.10

.05

.00

landslide .20

.15

.10

.05

.00

storm .20

.15

.10

.05

.00

wildfire

| | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | |

1

5

10

15

ra
nk

 p
os

itio
n

6/300 topics

| | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | |

1

5

10

15

3/500 topics

| | | | | | | | | | | | | | | | | | | | | | | | |

1

5

10

15

2/50 topics

| | | | | | | | | | | | | | | | | | | | | | | | |

1

5

10

15

1/50 topics

| | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | | |

1

5

10

15

5/100 topics

| | | | | | | | | | | | | | | | | | | | | | | | |

1

5

10

15

3/50 topics

| | | | | | | | | | | | | | | | | | | | | | | | |

1

5

10

15

2/50 topics

Figure 4: High-level overview of how relevant topics were identified by tm-b. In the first row, bars represent
the maximum probability each topic (x-axis) assigns to keywords. The second row highlights in dark the
positions in the rank that contain keywords in each topic (x-axis). The purple horizontal bars represent
the optimal γ and k, respectively, in our experiments (see Appendix for exact numerical values).

yses. For situations in which news of type main
are more important than mention, the two best
TMs and deep learning classifiers worked in like
manner, not missing the vast majority of instances.

The majority voting approach seemed to draw out
advantages from each model, achieving the best
F1 score. Still, employing three computationally
costly models for this task is hardly justifiable in
practice, given the modest overall increase in the
aggregated F1 score compared to single models.

Classification of news turned out to be hazard-
dependant. There was no one-size-fits-all best
solution across all hazards. The fine-tuned text
embeddings balanced precision and recall well in
general, but in three hazards (cold waves, storms
and wildfires) the F1 score of the TM approaches
was on par or better than it, which is a very interest-
ing finding given that TMs are unsupervised and
do not rely on the currently prevailing deep learning
paradigm. Landslides and wildfires were the easi-
est to identify with all metrics above 0.75 (except
for the LLM’s precision for wildfire) in all models
apart from tm-p. Cold and heat waves were the
most challenging with suboptimal results even for
the majority voting method.

Note, however, that comparisons between mod-
els should be done with caution, as these experi-
mental estimates by hazard type were computed
from samples of only 100 documents each. Rare
events become very sensitive to individual pre-
dictions in such a small sample. For instance,
cold waves contain only 17 relevant documents
on which to measure precision and recall, so that
a single swapped prediction by a model would al-
ready cause a 5.8% increase or decrease in recall.

7. Analysis

In this section, we explore TM’s interpretability by
providing more details on the tm-b models’ be-
haviour. In our non-exhaustive hyperparameter
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Figure 5: Top 10 terms in each of the topics con-
sidered as relevant for drought and wildfire.

search, LDA achieved the best performance for
six hazard types, while NMF was superior only for
drought. The optimal thresholds θ for assigning top-
ics to documents were between 0.028 and 0.076.
Figure 4 illustrates how relevant topics were se-
lected. The top terms decision method achieved
the highest performance across five hazards with
k values ranging from 1 to 5. Keyword proximity
was superior only for drought and heat wave using
γ =0.09 and 0.036, respectively. The number of
selected topics for each hazard varied from 1 to 6.

Here we focus on wildfires and droughts as they
had the smallest and largest differences in F1 score,
respectively, in relation to deep learning strategies.
For wildfires, topics were considered relevant if a
hazard-related keyword was among their top 3 most
probable terms. That resulted in 2 out of 50 topics
being considered as relevant. For drought, keyword
proximity selected 3 out of 500 topics as relevant.
The top 10 lemmas representing these topics are
shown in Figure 5. Figure 6 illustrates the effect
of θ for wildfire’s leftmost relevant topic: how well
(not) relevant documents are classified based on
the θ parameter for the rightmost relevant topic in
fire: documents with topic probability above θ are
classified as relevant, with a few wrong predictions.
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Figure 6: Example of the θ threshold for assign-
ing a relevant fire topic to documents. Above the
purple horizontal line, documents are classified as
relevant, with a few mistakes with respect to the
gold standard.

Wildfires Out of the 100 test instances, 83 were
correctly classified. We inspected the 17 errors.
The 7 false positives are texts that do refer to fires,
but they are either not wildfires (e.g. fires in houses
or industrial plants) or discuss technologies to com-
bat wildfires. One of the documents describes a
wildfire warning that also refers to an extinguished
fire, which may have been missed by the annota-
tors. Among the 10 false negatives, most contain
mentions to wildfires occurring in discussion about
other main topics (financial markets, heat waves,
conferences) in documents that are a concatena-
tion of various news articles (a problem we inher-
ited from the original database were not able to fully
solve automatically). In such cases, the fire-related
topic may not have been salient enough to be as-
signed to the document. Although two topics were
selected as relevant, only the left one was respon-
sible for making all predictions on the test set. The
second topic appeared in only one text, indicating
that, although potentially relevant, it may have spe-
cialised too much during training. All documents of
type main were correctly identified.

Drought For this hazard, 65 documents were
correctly classified, with 14 false positives and
21 false negatives. Many false positives treat
drought as a broad phenomenon rather than a con-
crete event, for example, when discussing drought-
tolerant plants, vegetation stress, or climate change.
Such cases are difficult to distinguish using TMs
and may also reflect ambiguities in the annotation.
False negatives show no clear patterns. Since this
model relied on 500 topics, the drought concept
may have been diffuse across multiple topics: in
Figure 4, it is evident that drought keywords ap-
pear in various topics not selected as relevant. The
only main document that was incorrectly classified
has only one keyword, a compound noun (Dürrege-
bieten), which was not included as a feature. In-

cluding all words containing keywords as features
could have prevented this but it introduces addi-
tional noise from low-frequency terms that form
topics.

8. General Discussion

This work was primarily motivated by the lack of
a comprehensive global database of extreme cli-
mate disasters. Existing disaster databases, for
instance the EM-DAT (Delforge et al., 2025), are
shaped by reporting practices and inclusion thresh-
olds (e.g. at least 10 fatalities), which have been
widely discussed for their biased coverage toward
large, well-documented events and wealthier re-
gions, systematically under-representing some re-
gions and hazards (Jones et al., 2023). Our method
is designed to support bottom-up data-driven anal-
yses by bypassing the inherent incompleteness
and structural biases of top-down lists of worldwide
extreme climate events (Gall et al., 2009). Our pro-
cedure permits the inclusion of news about events
that did not meet the arbitrary inclusion criteria of
disaster databases.

Rather than claiming the superiority of one model
type for news classification, we have provided evi-
dence that the results are hazard-dependent. This
is an important finding for climate impact and adap-
tation research: the way different hazards are re-
ported in the news varies, so solutions that treat
all climate-related hazards as a single category
(i.e. disasters in general) risk masking important
performance variations, leading subsequent con-
clusions to be biased towards those that are easier
to identify. In this context, an advantage of our
approach is that we explicitly consider hazards sep-
arately, enabling more reliable downstream analy-
ses.

The exact reasons for such differences require
further investigation. First, each hazard is inher-
ently distinct in the abruptness of its onset, its dura-
tion, its frequency, and its perceived severity. Then,
media coverage can differ depending on socio-
economic and geo-political factors. Finally, there
is linguistic and discourse-related variation. For
instance, while some keywords are very specific to
climate events, others are polysemic and appear in
multi-word expressions. The interdependencies
among these layers are worth studying. Some
events are hard to pinpoint even for humans, which
can impact gold standards. Treating extreme cli-
mate events as a monolithic concept is thus not ad-
visable in NLP tasks. Besides, since multi-hazard
events occur in reality, another promising way for-
ward is to analyse how they also co-occur in news.

We aimed to reduce human input in TM inter-
pretation by selecting thresholds automatically and
minimizing hyperparameter choices. Further work
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can investigate whether manual selection of key-
words and topics can improve results. Our prelimi-
nary experiments with CorEx and Top2Vec yielded
comparable results, so we prioritised the more tra-
ditional LDA/NMF methods in this study. However,
other TM variations can be further investigated, in-
cluding tuning priors to promote clearer keyword-
related topics. The fine-tuned text embeddings
achieved some of the highest F1 scores using only
350 documents and can potentially be further im-
proved with active learning (Schröder and Niekler,
2020).

LLMs are being uncritically employed for many
NLP tasks. We have shown that even a model with
14b parameters was not sufficiently precise. Our
results add to the evidence that LLMs require care-
ful evaluation as any other model. If LLM-based
approaches are to be used, TMs can still be helpful
in shrinking the amount of unrelated documents
(e.g. by excluding those that have high probability
for totally unrelated topics), thereby reducing the
considerable environmental and financial costs of
using LLMs.

9. Conclusion

We have presented a comparative analysis of three
binary classifiers for refining collections of news
articles on extreme climate events retrieved via
keyword-based approaches. Although the LLM
and the fine-tuned text embeddings had a higher
F1 score in general, the drop in comparison to TMs
was 0.148 on the worst case (drought) but also
only 0.001 on the best case (wildfire). This is re-
markable given TMs’ unsupervised training and the
simplicity of the keyword-guided topic selection pro-
cess. Depending on the use case, this difference
may be acceptable given other advantages, such
as higher precision. Besides, the reason for deep
learning-based predictions are beyond human com-
prehension, whereas decisions based on TMs are
fully transparent and explainable.

Limitations

The rule-based filtering may have excluded relevant
documents, although it was a price worth paying
to reduce the immense volume of unrelated news
and to keep the task computationally tractable. Al-
though we are seeking to identify extreme climate
events, other types of disasters (.e.g. urban fires
and industrial accidents that cause dam collapse)
could not yet be fully distinguished by our methods.

The test samples for each extreme climate event
contain only 100 documents each, which may ob-
scure variance in the estimates. More definitive
claims about differences in models’ behaviour re-
quire cross-validation and, ideally, a larger sample.

The performance of the classifiers is bounded by
the quality of the annotation. Despite best efforts,
ambiguity is not always easy to resolve and arbi-
trary decisions can impact models’ training and
evaluation.

We presented results for varying TM set-ups as
we opted for selecting the best-performing configu-
rations. Still, keeping it constant would facilitate the
direct comparison across hazards. The hyperpa-
rameter search for TM considered only a few dozen
combinations of the number of topics, POS-tags
and minimum document frequency. This can poten-
tially be further refined for each hazard separately.

We did not perform extensive prompt engineer-
ing for the LLM, as these models are supposed
to parse natural language instructions well; still,
given their unpredictable nature, minor changes to
the prompt might have led to different outcomes.
Larger models may yield better results, but our fo-
cus here was on lower-scale, local solutions.
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A. Appendix

Further details about preprocessing and
filtering
The lists of German keywords used for each haz-
ard are shown in Figures 8, 9, and 10. Although
derecho was included as a keyword initially, texts
containing only this keyword were removed in a
preprocessing step. The inclusion of Regenfälle
(rainfalls) as a keyword for flood resulted in the in-
clusion of some texts that may not be about floods.

Here, we provide a summary of the preprocess-
ing and filtering steps applied to the original docu-
ment collection. Exact implementation details are
documented in the preprocessing code which is
available upon request.

We removed exactly duplicated instances,
i.e. those pairs or groups of documents for which
all metadata values were exactly the same. Docu-
ments with the same text but published by different
outlets or on different dates were kept as they count
separately towards media attention.

The regex pattern ’<.*?>’ was used to remove
reminiscent html content. To split (at least part of)
the documents that have been concatenated as a
single instance, despite being composed of several
different pieces of news, we used another regex
pattern with frequent news agencies abbreviations

(e.g. dpa and afp) that often appeared in parenthe-
ses in between such concatenations.

Approximately duplicated texts were identified
using the MinHash algorithm to estimate Jaccard
similarity, with a threshold of 0.8 slightly more con-
servative than the empirical choice in (Madruga de
Brito et al., 2024). This was not used to exclude
any document, but helped ensure that annotators
did not annotate the same text (from different news
sources) for the same hazard and that TMs were
not trained on similar texts that would form spurious
clusters.

Spacy’s German model de_core_news_lg
was used to parse each text and retrieve tokens
and sentence counts.

We also applied filters to reduce the number of
unrelated documents and local news. The inclusion
criteria were as follows:

• The document contains at least one keyword
related to its assigned hazard. Although this
was an imposed criterion for the database
query, after splitting concatenated documents,
were a few cases of texts that no longer con-
tained keywords.

• The document contains at least one keyword
of its assigned hazard which is not an intruder.

• The document’s outlet reportedly belongs to
the German press.

• In case of exact duplicates (regarding all fields),
only one instance was kept.

• The document’s ressort does not contain the
word lokal, since we are only interested in
international extreme climate events.

• The number of tokens is at least 30 and no
more than 1,700. The thresholds were se-
lected based on empirical observations of the
distribution’s histogram and by taking into ac-
count an initial batch of annotated documents.

• The document contains at least one of the fol-
lowing: a country name, a nationality (as an
adjective or a noun) or a city name.

• The first token of the document is not the name
of a German city followed by a full stop.

• The proportion of non-alphabetical characters
is less than 0.11. The threshold was selected
based on empirical observations of the dis-
tributions, also considering an initial batch of
annotated documents.

Further details about the annotation
Figure 7 shows the instructions given to the two
annotators. They also identified the sentences that
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refer to each type of hazard and the country where
it occurred. These variables will be used in future
studies.

Further details about the classifiers
LLM Figures 8, 9, and 10 show the values used to
fill in the hazard-dependent slots in the prompt for
the LLM, which is shown in Figure 11. Definitions
were translated from the EM-DAT’ glossary7, except
for storm, not defined by EM-DAT, for which we
used Wikipedia8.

Topic Models The number of iterations and
passes were fixed at 400 and 20, respectively. The
random seed was set to 123. Table 4 shows the
number of documents used to train the TMs for
each extreme climate event, i.e. the unique texts
in the collection. Table 5 shows the selected hy-
perparameters for the topic model configuration of
each extreme climate event. In Table 6 we show all
topics selected as relevant for tm-b characterised
by their top 10 terms with the highest probability.

cold 91,140
drought 96,441

flood 334,607
heat 197,800

landslide 45,039
storm 488,068

fire 78,426

Table 4: Number of documents used to train the
topic models for each hazard.

7https://doc.emdat.be/docs/
data-structure-and-content/glossary/

8https://en.wikipedia.org/wiki/Storm

https://doc.emdat.be/docs/data-structure-and-content/glossary/
https://doc.emdat.be/docs/data-structure-and-content/glossary/
https://en.wikipedia.org/wiki/Storm
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Figure 7: Instructions given to the annotators.
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model decision method θ γ or k min. doc freq tags topics
tm-f1 landslide lda top terms 0.058 5.000 100 noun, verb, adj 100

fire lda top terms 0.040 3.000 50 noun, verb, adj 50
flood lda top terms 0.060 2.000 1000 noun, verb, propn 50
storm lda top terms 0.024 2.000 10000 noun, verb, adj 50
drought nmf keyword proximity 0.016 0.198 500 noun 500
heat lda keyword proximity 0.024 0.108 100 noun, verb, propn 100
cold lda top terms 0.024 5.000 500 noun, verb, adj 300

tm-b landslide lda top terms 0.076 5.000 100 noun, verb, adj 100
fire lda top terms 0.054 3.000 50 noun, verb, adj 50
flood lda top terms 0.062 2.000 1000 noun, verb, propn 50
storm lda top terms 0.030 1.000 10000 noun, verb, adj 50
drought nmf keyword proximity 0.028 0.090 500 noun 500
heat lda keyword proximity 0.052 0.036 100 noun, verb, adj 50
cold lda top terms 0.028 5.000 500 noun, verb, adj 300

tm-p landslide lda keyword proximity 0.064 0.054 50 noun, verb, adj 100
fire lda top terms 0.064 1.000 500 noun, propn 100
flood lda top terms 0.054 1.000 1000 noun, verb, propn 50
storm lda top terms 0.120 5.000 10000 noun, verb, adj 50
drought nmf top terms 0.034 1.000 500 noun, verb, adj 500
heat lda top terms 0.148 2.000 500 noun, verb, propn 50
cold lda keyword proximity 0.146 0.036 5000 noun, verb, adj 50

Table 5: Hyperparameters of all topic models that produced the presented results.
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l a nd s l i d e :

hazard : Erdrutsch

keywords : Erdrutsch , F e l s s t u r z , F e l s s t ü rz , Schlammlawine , Massenbewegung ,
Hangrutsch , Hangbewegung , Rutschung , Bodenrutsch , Hangabrutschung , Murgang
, Gerö l l l aw i n e , Rutschhang , Rutschhäng , Rutschgefahr , Fe l s l aw ine , Mure

hazard_event : E rd ru t s ch e r e i gn i s s e

d e f i n i t i o n : Jede Art von mäß i g e r b i s s c h n e l l e r Bodenbewegung , e i n s c h l i e ß l i c h
Lahare , Schlammlawinen und Murgänge ( unter trockenen /nassen Bedingungen ) .
Ein Erdrutsch i s t e ine durch d ie Schwerkraft g e s t eu e r t e Bewegung von Erde
oder Geste in , deren Geschwindigkeit in der Regel zwischen langsam und
s chn e l l l i e g t , jedoch n icht sehr langsam i s t . Er kann ob e r f l ä ch l i c h oder
t i e f s e i n , aber das Mater ia l muss e ine Masse b i lden , d i e e inen Te i l des
Hangs oder den Hang s e l b s t ausmacht . Die Bewegung muss nach unten und nach
außen mit e i n e r f r e i e n Fl ä che e r f o l g e n . ODER Jede Art von Abwä rtsbewegung
von Erdmater ia l i en unter hydro log i s ch trockenen Bedingungen . ODER Arten

von Massenbewegungen , d i e au f t r e t en , wenn s t a r k e r Regen oder s c hn e l l e
Schnee−/Eisschmelze gro ße Mengen an Vegetat ion , Schlamm oder Geste in unter
dem E in f l u s s der Schwerkraft e inen Hang h inunte rbe f ö rdern .

f i r e :

hazard : Waldbrand

keywords : Fl ä chenbrand , Fl ä chenbr änd , Waldbrand , Waldbränd , Wildfeuer ,
Landschaftsbrand , Landschaftsbr änd , Buschfeuer , Vegetat ionsbrand ,
Vegetat ionsbr änd , Naturbrand , Naturbränd , Großbrand , Großbränd , Forstbrand
, Forstbr änd , Heidebrand , Heidebr änd

hazard_event : Waldbrandeere ign i s se

d e f i n i t i o n : Jede unkon t r o l l i e r t e und n icht vorge schr i ebene Verbrennung oder
das Abbrennen von Pf lanzen in e i n e r natü r l i c h e n Umgebung wie Wald ,
Grasland , Buschland oder Tundra , d i e natü r l i c h e Brenns to f f e verbraucht und
s i ch aufgrund von Umweltbedingungen ( z . B. Wind oder Topogra f i e )

au sb r e i t e t . Waldbrände können durch B l i t z e i n s c h l ä ge oder menschl i ches
Handeln ausge l ö s t werden .

Figure 8: Keywords and values used in the prompts for each hazard (1/3).
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co ld :

hazard : Kä l t ew e l l e

keywords : Kä l t ew e l l e , Kä l t e e i nb ruch , Kä l t e s t r e s s , extreme Kä l t e , extremer Kä
l t e , extremen Kä l t e , Frost , s t r eng e r Winter , Wintereinbruch , Wintereinbrü
ch , Kä l t e p e r i o d e , Kä l t e r e ko rd , a r k t i s c h e Kä l t e , a r k t i s c h e r Kä l t e ,
a rk t i s chen Kä l t e , Kä ltewarnung , E i s regen , E i se sk ä l t e , Schneechaos

hazard_event : Kä l t e w e l l e n e r e i g n i s s e

d e f i n i t i o n : Eine Per iode mit ungewö hn l i ch kaltem Wetter . In der Regel dauert
e ine Kä l t ew e l l e zwei oder mehr Tage und kann durch s ta rke Winde noch ve r s t
ä rkt werden . Die genauen Temperaturkr i te r i en f ür e ine Kä l t ew e l l e können j e
nach Standort v a r i i e r e n .

heat :

hazard : Hitze

keywords : Hitze , extreme Temperaturen , extremen Temperaturen ,
Temperaturrekord , Tropennacht , Tropennä cht , überh i tzung , Rekordhitze ,
Hi tze tag

hazard_event : H i t z ew e l l e n e r e i g n i s s e

d e f i n i t i o n : Eine Per iode mit ungewö hn l i ch he i ßem und/oder ungewö hn l i ch
feuchtem Wetter . In der Regel dauert e ine H i t z ewe l l e zwei oder mehr
Tage . Die genauen Temperaturkr i te r i en f ür e ine H i t z ewe l l e können j e
nach Standort v a r i i e r e n .

drought :

hazard : Dü r r e

keywords : Dü r r e , Rekorddü r r e , Trockenperiode , Trockenheit , Wasserknappheit ,
N iedr igwasse r , Wassermangel , Niederschlagsmange l , N i e d e r s c h l a g s d e f i z i t ,
Bodenfeuchte−De f i z i t , Bodenfeuchtever lus t

hazard_event : Dü r r e e r e i g n i s s e

d e f i n i t i o n : Ein l ä ngerer Zeitraum mit ungewö hn l i ch ger ingen Niede r s ch l ägen ,
der zu e i n e r Wasserknappheit f ür Menschen , Tiere und Pf lanzen f ührt . Dü
rren unter sche iden s i ch von den meisten anderen Gefahren dadurch , dass s i e
s i c h langsam , manchmal sogar über Jahre hinweg , entwicke ln und ih r Beginn
in der Regel schwer zu erkennen i s t . Dürren s ind n icht nur e in

phy s i k a l i s c h e s Phänomen , da i h r e Auswirkungen durch menschl iche Akt iv i t ä
ten und den Wasserbedarf noch ve r s t ä rkt werden können . Dürren werden daher
o f t sowohl konz ep t i on e l l a l s auch ope ra t i v d e f i n i e r t . Operat ive

De f i n i t i on en von Dü r r e , d . h . der Grad der N i ede r s ch l ag sve r r inge rung , der
e ine Dü r r e ausmacht , v a r i i e r e n j e nach Ort , Klima und Umweltbereich .

Figure 9: Keywords and values used in the prompts for each hazard (2/3).
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f l o od :

hazard : Hochwasser

keywords : Überschwemmung , Flut , Hochwasser , Über f lu tung , Flusshochwasser ,
Regenf ä l l e , S t u r z f l u t , Gle t scher seeausbruch , G l e t s che r s e eausbr üch ,
Gle t s cher see−Ausbruchs f lut , Jahrhunderthochwasser

hazard_event : Hochwas se r e r e i gn i s s e

d e f i n i t i o n : Ein a l l g eme ine r B e g r i f f f ür das Über l au f en von Wasser aus einem
Flus sbe t t auf normalerweise t rockenes Land in der Aue ( Flussüberschwemmung
) , ü b e rdu r ch s chn i t t l i c h hohe Wasserst ände ent lang der Kü s t e (Küstenü
berschwemmung ) und in Seen oder Stauseen sowie Wasseransammlungen an oder
in der Nähe des Ortes , an dem der Regen g e f a l l e n i s t ( S tu r z f l u t en ) .

storm :

hazard : Sturm

keywords : Sturm , Stürm , Unwetter , Orkan , B l i z za rd , Derecho , Hagel , Zyklon ,
Gewitter , Tornado , Mikroburst , Hurrican , Hurrikan , Taifun , B l i z za rd

hazard_event : Sturmere ign i s

d e f i n i t i o n : Ein Sturm i s t j ed e r ge s t ö r t e Zustand der natü r l i c h e n Umwelt oder
der Atmosphä re e i n e s astronomischen Kö rpe r s . Er kann durch e rh eb l i ch e Stö
rungen der normalen Bedingungen gekennze ichnet s e i n , wie z . B. s t a r k e r
Wind , Tornados , Hagel , Donner und B l i t z ( Gewitter ) , s t a rke Niede r s ch l äge (
Schneesturm , Regensturm ) , s t a r k e r Ei s regen ( Eissturm ) , s t a rke Winde (
t r op i s c h e r Wirbelsturm , Sturm) , Wind , der bestimmte Substanzen durch d ie
Atmosphä re t r a n s p o r t i e r t , wie z . B. be i einem Staubsturm , sowie andere
Formen von Unwettern .

Figure 10: Keywords and values used in the prompts for each hazard (3/3).
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Du b i s t e in Experte f ür d i e K l a s s i f i k a t i o n von Nach r i ch t ena r t i k e l bezü g l i c h der
Exis tenz von Referenzen auf $hazard und extreme $hazard_event .

De f i n i t i o n von $hazard : $ d e f i n i t i o n

Synonyme f ür $hazard : $keywords .

Die Nach r i ch t ena r t i k e l müssen mit einem d i e s e r Labels k l a s s i f i z i e r t werden :

− Label 1 : Das Dokument behandelt $hazard , extreme $hazard_event oder damit
verbundene Auswirkungen .

− Label 0 : Das Dokument hat KEINE Verbindung zu $hazard oder extremen $hazard_
event .

Es s ind nur konkrete , s p e z i f i s c h e Na tu r e r e i gn i s s e in der r e a l en Welt r e l e van t .
A r t i k e l , d i e s i ch l e d i g l i c h mit der Mö g l i c h k e i t e i n e s E r e i g n i s s e s be f a s s en ,
metaphorische Verwendungen , a l l g eme ine Diskuss ionen über d i e Art der Gefahr
oder E r e i gn i s s e s ind n icht r e l evan t .

Ana ly s i e r e den Inha l t des Dokuments Satz f ür Satz sehr s o r g f a l t i g und verg ib das
Label 1 auch wenn nur e in Satz im Dokument r e l evan t i s t .

Entscheide , welches Label f ür d i e s en Nach r i ch t ena r t i k e l das r i c h t i g e i s t , und
beginne de ine Antwort entsprechend mit 0 oder 1 .

K l a s s i f i z i e r e den fo lgenden Nach r i ch t ena r t i k e l :

$ text

Figure 11: Prompt used for the LLM experiment.



134

1
2

3
4

5
6

7
8

9
10

la
nd

sl
id

e
98

se
e

be
rg

ba
u

er
dr

ut
sc

h
wa

ss
er

ru
ts

ch
un

g
ta

ge
ba

u
ge

fa
hr

si
ed

lu
ng

er
kl

är
en

be
re

ic
h

99
ta

l
fe

ls
st

ur
z

fe
ls

st
ei

n
ge

st
ei

n
m

et
er

ku
bi

km
et

er
be

rg
st

ür
ze

n
gr

oß
80

to
te

er
dr

ut
sc

h
za

hl
le

ic
he

be
rg

en
op

fe
r

be
gr

ab
en

ve
rm

is
se

n
ve

rm
is

st
ve

rs
ch

üt
te

n
22

m
en

sc
h

er
dr

ut
sc

h
le

be
n

üb
er

sc
hw

em
m

un
g

ha
us

sc
hw

er
be

hö
rd

e
he

fti
g

st
er

be
n

re
gi

on
60

ha
us

be
wo

hn
er

un
gl

üc
k

er
dr

ut
sc

h
ge

bä
ud

e
wo

hn
un

g
wo

hn
en

frü
h

bü
rg

er
m

ei
st

er
in

ur
sa

ch
e

w
ild

fir
e

1
fe

ue
r

br
an

d
wa

ld
br

än
d

fla
m

m
e

wa
ld

br
an

d
he

kt
ar

fe
ue

rw
eh

r
re

gi
on

gr
oß

ko
nt

ro
lle

26
bu

sc
hf

eu
er

au
st

ra
lis

ch
ko

al
a

bu
nd

es
st

aa
t

ko
nt

in
en

t
bu

sc
hb

rä
nd

au
st

ra
lie

r
tie

r
vi

lla
os

tk
üs

te
flo

od
43

m
en

sc
h

üb
er

sc
hw

em
m

un
g

ha
us

le
be

n
re

gi
on

dp
a

be
hö

rd
e

st
ad

t
la

nd
an

ga
be

20
ho

ch
wa

ss
er

sa
ch

se
n

el
be

dr
es

de
n

po
le

n
pe

ge
l

m
et

er
do

na
u

br
an

de
nb

ur
g

ts
ch

ec
hi

en
st

or
m

16
un

we
tte

r
wa

ss
er

ho
ch

wa
ss

er
üb

er
sc

hw
em

m
un

g
he

fti
g

re
gi

on
sc

hw
er

re
ge

n
be

tre
ffe

n
sc

ha
de

n
13

ge
w

itt
er

we
tte

r
re

ge
n

bl
itz

ab
sa

ge
n

re
gn

en
m

ar
k

hi
m

m
el

he
fti

g
sc

hl
ec

ht
7

hu
rri

ka
n

st
ur

m
bu

nd
es

st
aa

t
tre

ffe
n

ki
lo

m
et

er
w

irb
el

st
ur

m
la

nd
sc

ha
de

n
w

in
dg

es
ch

w
in

di
gk

ei
t

st
un

de
dr

ou
gh

t
45

7
dü

rre
no

ts
ta

nd
er

nt
ea

us
fa

ll
vi

eh
re

ge
nz

ei
t

au
sm

aß
ze

nt
ru

m
ve

rs
ic

he
ru

ng
wa

ss
er

re
se

rv
oi

r
he

lm
ho

ltz
24

6
m

itt
e

ni
ed

rig
wa

ss
er

ta
g

fis
ch

wa
ss

er
st

off
fis

ch
st

er
be

n
sa

nd
kr

ei
s

ju
ge

nd
lic

he
31

9
tro

ck
en

he
it

wa
ld

br
an

dg
ef

ah
r

fe
uc

ht
ig

ke
it

ka
nt

on
br

an
dg

ef
ah

r
er

nt
ea

us
fa

ll
nä

ss
e

st
re

ss
no

ts
ta

nd
le

ite
r

he
at

wa
ve

22
gr

ad
te

m
pe

ra
tu

r
hi

tz
e

ce
ls

iu
s

ta
g

hi
tz

ew
el

le
so

m
m

er
lie

ge
n

we
tte

r
m

en
sc

h
co

ld
wa

ve
1

m
en

sc
h

st
er

be
n

le
be

n
kä

lte
we

lle
er

fri
er

en
be

hö
rd

e
ob

da
ch

lo
se

to
te

za
hl

du
tz

en
d

19
4

sc
hn

ee
fa

ll
he

fti
g

st
ar

k
sc

hn
ee

ch
ao

s
te

il
fa

lle
n

sp
er

re
n

sc
hn

ee
m

as
se

ve
rk

eh
r

bl
oc

ki
er

en
13

7
ei

sr
eg

en
ve

rs
pä

tu
ng

re
is

en
d

gl
at

t
m

itt
ag

be
hi

nd
er

n
gl

ät
te

ve
re

is
t

sc
hi

en
e

st
ör

un
g

12
w

in
te

r
ka

lt
m

ild
we

he
n

ös
tli

ch
w

in
te

rm
on

at
st

ar
k

at
la

nt
ik

fla
ch

la
nd

lu
ft

11
1

kä
lte

wa
rm

wä
rm

e
ei

si
g

fri
er

en
de

ck
e

kl
ei

du
ng

th
er

m
om

et
er

an
zi

eh
en

kl
irr

en
d

11
9

we
tte

r
re

ge
n

kä
lte

ei
nb

ru
ch

re
gn

en
we

tte
rla

ge
ka

le
nd

er
ba

ue
rn

re
ge

l
we

tte
rs

ta
tio

n
ei

sh
ei

lig
sc

hl
ec

ht

Ta
bl

e
6:

To
p

10
te

rm
s

of
ea

ch
to

pi
c

co
ns

id
er

ed
as

re
le

va
nt

in
th

e
tm

-b
ex

pe
rim

en
ts

.T
he

se
co

nd
co

lu
m

n
co

nt
ai

ns
an

ar
bi

tra
ry

to
pi

c
ID

.


	Introduction
	Related Literature
	Methods
	Task Formalisation
	Classification with Topic Models
	Deep Learning Classifiers

	Data
	Experiments
	Results
	Analysis
	General Discussion
	Conclusion
	Bibliographical References
	Appendix

