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Abstract

News media play a central role in shaping pub-
lic perceptions of climate change, and whether
coverage emphasizes threats or solutions af-
fects audience engagement and policy sup-
port. We compare fine-tuned encoders and
zero-shot prompting for classifying sentences
from German-language climate news as threat-
oriented, solution-oriented, both, or neither, us-
ing two independent binary classifiers. We fine-
tune three German encoders with context win-
dows ranging from the target sentence alone to
four preceding and four following sentences,
and compare them with three open-weights
generative models and the non-generative de-
cision model Jev. All models are evaluated
with article-grouped five-fold cross-validation
on 440 manually coded Austrian newspaper ar-
ticles. The best encoder, GBERT-large with the
widest context, achieves weighted F1 scores
of 0.805 (threat) and 0.802 (solution). The
recently released MiMo-V2.6-Flash reaches
0.807 and 0.798 without task-specific training,
placing both approaches on par, whereas ear-
lier prompting models remain below the best
encoder. Additional context improves all en-
coders consistently, by up to 4.8 F1 points.
On the natural class distribution, MiMo-V2.6-
Flash outperforms GBERT-large on threat clas-
sification, while GBERT-large retains a small
advantage for solution classification. These re-
sults indicate that the gap between fine-tuned
encoders and prompted language models has
only recently been closed.

Keywords: climate change framing, text clas-
sification, BERT, large language models, zero-
shot prompting, German NLP, computational
content analysis

1 Introduction

How the media frames climate change affects what
audiences understand, feel, and are willing to do
about it. Research in climate communication has re-
peatedly shown that threat-oriented framing, which

highlights risks and dangers, and solution-oriented
framing, which presents actions and remedies, pro-
duce different audience responses (Hart and Feld-
man, 2014; Feldman and Hart, 2018; Ringhofer
et al., 2026). Threat framing without accompany-
ing efficacy information can induce fatalism, while
solution-oriented coverage promotes constructive
engagement and policy support (Feldman et al.,
2015; Thier and Lin, 2022). Tracking the balance
between these two framing types across large me-
dia corpora is therefore of direct interest to com-
munication researchers studying climate discourse.

Content analysis remains the primary method
for studying media framing, but manual coding
is labor-intensive and difficult to scale. A sin-
gle study may require weeks of trained human
effort to code a few hundred articles (Grimmer
and Stewart, 2013; Boumans and Trilling, 2016).
Automated approaches based on natural language
processing (NLP) can process orders of magnitude
more text, though their reliability must be validated
against human judgments (Grimmer and Stewart,
2013). Among the available automated approaches,
two have become dominant in recent years. The
first involves fine-tuning pre-trained transformer-
based encoder models such as BERT (Devlin et al.,
2019) on labeled training data. The second relies
on prompting large language models (LLMs) to
perform classification through in-context learning,
without parameter updates (Brown et al., 2020; Gi-
lardi et al., 2023).

Both approaches have demonstrated strong per-
formance on various text classification tasks, but
they involve fundamentally different trade-offs.
Fine-tuned models require labeled training data
and computational resources for training, but pro-
duce fast and deterministic inference. LLM-based
approaches require no training data beyond a few
optional examples in the prompt, but depend on
careful prompt design and incur higher per-sample
inference costs. Recent comparative studies find
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that fine-tuned encoder models often outperform
zero-shot and few-shot LLMs on classification
tasks, while prompting-based approaches such as
chain-of-thought and structured outputs can im-
prove performance in some settings (Bucher and
Martini, 2024; Galke and Scherp, 2024; Edwards
and Camacho-Collados, 2024; Wei et al., 2022;
Dunivin, 2025).

Despite growing interest in automated framing
detection (Ali and Hassan, 2022; Piskorski et al.,
2023) and LLM-based content analysis (Gilardi
et al., 2023; Ziems et al., 2024), no study has di-
rectly compared these two approaches for detecting
climate-specific framing at the sentence level. Most
computational framing work uses generic frame
taxonomies (Card et al., 2015) rather than domain-
specific categories. Generic frames, however, do
not capture the threat-versus-solution distinction
that is central to climate communication research,
and classifiers trained on one frame taxonomy do
not transfer reliably to another. Similarly, work on
German-language climate media remains limited
(Hase et al., 2021; Adam et al., 2023; Adam and
Kogler, 2025), even though framing patterns, edi-
torial conventions, and linguistic structures differ
across languages in ways that affect classifier per-
formance (Piskorski et al., 2023; Mondshine et al.,
2025).

This paper makes four contributions. First, we
present a systematic comparison of three fine-tuned
German encoder models and four zero-shot prompt-
ing models, including a non-generative decision
model, for sentence-level climate framing clas-
sification, evaluated with article-grouped cross-
validation on manually coded German newspa-
per articles. Second, we show that the most re-
cent prompting model matches the best fine-tuned
encoder on balanced evaluation data and partly
outperforms it under the natural class distribu-
tion, whereas earlier prompting models remain be-
low the encoder, indicating that the performance
gap between the two paradigms has only recently
been closed. Third, we quantify the effect of
context on encoder-based classification by com-
paring four context windows, demonstrating con-
sistent improvements of up to 4.8 F1 points over
single-sentence classification. Fourth, we describe
a prompt architecture for zero-shot framing classi-
fication that incorporates chain-of-thought reason-
ing, a speech-act taxonomy, and domain-specific
coding rules in the source language.

2 Related Work

2.1 Threat and Solution Framing in Climate
Communication

Framing, as defined by Entman (1993), involves
selecting and making salient certain aspects of a
perceived reality to promote particular problem def-
initions, causal interpretations, and treatment rec-
ommendations. In climate communication, fram-
ing research has identified a wide range of recur-
ring patterns. Nisbet (2009) proposed a typol-
ogy of climate-specific frames including scientific
uncertainty, economic development, and moral-
ity. Badullovich et al. (2020) mapped 274 studies
and found scientific, economic, and environmental
frames to be dominant, while Guenther et al. (2024)
identified 18 pre-defined frames across 25 years of
literature, with “climate action” and “harmful im-
pacts” as the two most commonly studied.

The distinction between threat and solution fram-
ing is particularly relevant for understanding audi-
ence responses. Hart and Feldman (2014) found
that U.S. television news frequently conveys cli-
mate threats but provides inconsistent efficacy in-
formation, meaning that impacts and potential ac-
tions rarely appear together. Feldman et al. (2015)
extended this finding to print media and docu-
mented partisan differences in how newspapers bal-
ance threat and efficacy. More recently, Guenther
et al. (2022) analyzed the shift from doom framing
toward sustainable solutions in international news
magazines, and Thier and Wu (2024) conducted the
most detailed empirical study of solution-oriented
climate framing to date, analyzing 244 articles and
identifying three previously undescribed solution
frames.

Research on German-language and Austrian cli-
mate media remains limited but growing. Hase
et al. (2021) found that climate coverage in Ger-
many accounted for only 0.24% of all articles in
their ten-country sample. Adam et al. (2023) ana-
lyzed long-term trends in Austrian newspaper cov-
erage using NLP pipelines. More recently, Dablan-
der et al. (2025) used GPT-4-assisted analysis to
study German media coverage of climate activist
groups, and Meyer et al. (2025) examined framing
differences across 21 German outlets with varying
political orientations.

2.2 Transformer-Based Text Classification

The Transformer architecture (Vaswani et al., 2017)
and its bidirectional variant BERT (Devlin et al.,
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2019) established the current paradigm for text
classification through pre-training and fine-tuning.
BERT’s sentence-pair input format, which concate-
nates two text segments with special separator to-
kens, was originally designed for tasks such as
natural language inference and paraphrase detec-
tion. This format also enables classification of a
target sentence with additional contextual informa-
tion from a second segment.

For German-language tasks, Chan et al. (2020)
introduced GBERT and GELECTRA, monolingual
German models trained with whole-word masking.
These models outperform multilingual alternatives
such as XLM-RoBERTa (Conneau et al., 2020) on
German NLP benchmarks (Chan et al., 2020; Wun-
derle et al., 2025), making monolingual models the
preferred choice for single-language classification
tasks.

The use of surrounding context for sentence-
level classification has been explored in several
studies. Cohan et al. (2019) showed that incor-
porating document context through joint sentence
representations improves sequential sentence clas-
sification. Luoma and Pyysalo (2020) studied the
effect of cross-sentence context for named entity
recognition with BERT, finding consistent improve-
ments when target sentences are placed within their
document context. These findings motivate the
context configurations used for our fine-tuned en-
coders.

In the climate domain specifically, Webersinke
et al. (2022) demonstrated that domain-adaptive
pre-training on climate text (ClimateBERT) im-
proves downstream task performance, and Stamm-
bach et al. (2023) applied fine-tuned transformers
to sentence-level classification of environmental
claims. For frame detection, Liu et al. (2019a)
achieved 84% accuracy by fine-tuning BERT on
news headlines, and the SemEval-2023 shared task
on multilingual framing detection (Piskorski et al.,
2023) saw top systems based on fine-tuned XLM-
RoBERTa.

2.3 LLM-Based Text Classification
Brown et al. (2020) demonstrated that large lan-
guage models can perform NLP tasks through in-
context learning with a small number of examples
in the prompt. Wei et al. (2022) showed that chain-
of-thought (CoT) prompting, where the model is
prompted to produce intermediate reasoning steps
before a final answer, substantially improves per-
formance on complex tasks. These two techniques

form the basis of most current approaches to LLM-
based classification.

Several studies have evaluated LLMs specifi-
cally as text annotation tools for social science
research. Gilardi et al. (2023) found that zero-shot
ChatGPT outperforms crowd workers on frame de-
tection and other annotation tasks. Alizadeh et al.
(2025) extended this work to open-source LLaMA-
and Mistral-based models, showing that fine-tuning
can narrow the gap to proprietary systems. Dunivin
(2025) demonstrated that CoT prompting substan-
tially improves intercoder reliability for qualitative
coding tasks, and Farjam et al. (2025) presented a
practical workflow for LLM-assisted content anal-
ysis in communication research.

Prompt design has become a research area in
its own right. Schulhoff et al. (2024) catalogued
58 distinct prompting techniques, while Mei et al.
(2025) framed context engineering as a broader
discipline encompassing retrieval, processing, and
management of all contextual information provided
to LLMs during inference. For multilingual appli-
cations, Mondshine et al. (2025) showed that the
relative benefit of using source-language prompts
versus various translation strategies is highly depen-
dent on both the task and the model, meaning that
the optimal prompt language cannot be assumed in
advance and must be evaluated empirically.

3 Data

3.1 Corpus

The corpus consists of 440 articles from two Aus-
trian daily newspapers: Kronen Zeitung (304 arti-
cles) and Der Standard (136 articles), published
between January and June 2024. These newspa-
pers were selected as the two highest-circulation
Austrian dailies excluding regional and free publi-
cations, and they represent contrasting editorial
approaches. Articles were retrieved from the
WISO database (GBI-Genios) using the search
string klima* OR CO2, which was determined
through iterative refinement to capture the same
relevant articles as a broader set of climate-related
keywords while producing fewer irrelevant results
(Adam et al., 2023). Retrieved articles were man-
ually screened for thematic relevance to climate
change or climate protection, excluding article
types such as letters to the editor and announce-
ments. Articles that did not meet the criteria upon
closer inspection during coding were removed,
yielding the final corpus of 440 articles. A de-
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tailed description of the corpus, the coding scheme,
and the annotation process is provided by Riesinger
(2024).

3.2 Annotation

The articles were coded manually using MAXQDA
software following a detailed coding scheme de-
veloped in collaboration with linguists as part of a
broader interdisciplinary research project. The cod-
ing scheme distinguishes two primary categories:
threat orientation and solution orientation. These
are treated as independent dimensions rather than
mutually exclusive classes, meaning that a text
segment can be coded as threat-oriented, solution-
oriented, both, or neither.

Threat orientation is defined as the communi-
cation of risks and dangers in the context of the
climate crisis, drawing on Entman’s (1993) fram-
ing concept and Searle’s taxonomy of speech acts.
Threat-oriented statements typically function as
commissives (promising, threatening) or directives
(requesting, recommending) that aim to prompt
action. Solution orientation is defined following
similar linguistic principles and encompasses direc-
tives and assertives that describe, recommend, or
evaluate actions to address climate change.

To ensure coding reliability, categories were pre-
cisely defined and iteratively refined over a five-
week period. For approximately 8% of the material,
two coders independently assigned the categories
used in the quantitative analysis. This process was
conducted in multiple cycles with interim discus-
sions and adjustments until a high level of agree-
ment was reached. Ambiguous cases were resolved
through discussion with additional annotators, in-
cluding the linguists involved in the project.

3.3 Sentence Segmentation and Dataset

The manually coded segments were split into in-
dividual sentences using the German HDT model
from the Stanza NLP toolkit, which provides state-
of-the-art tokenization and sentence segmentation
for German text. Each sentence inherits the binary
labels of its parent segment: a sentence is labeled
as threat-oriented if the segment it belongs to was
coded as threat-oriented, and analogously for solu-
tion orientation.

Sentence segmentation yielded 10,981 sentences
from the 440 articles, of which 2,575 were labeled
as threat-oriented and 4,108 as solution-oriented.
Since a sentence can carry both labels, these counts

are not mutually exclusive. The remaining sen-
tences carry neither label.

Because the positive class is substantially
smaller than the neutral class for both tasks, we bal-
anced each binary dataset by randomly sampling
neutral sentences to match the number of positive
sentences, yielding 5,150 sentences for the threat
task and 8,216 sentences for the solution task.

Rather than relying on a single train-test
split, we evaluate all models using five-fold
cross-validation with stratified group partitioning
(StratifiedGroupKFold from scikit-learn).
Folds are grouped by article, so that all sentences
from a given article are assigned to the same fold
and no article contributes sentences to both the
training and the test set within any fold. This pre-
vents topical and stylistic overlap between training
and test data that could otherwise inflate perfor-
mance estimates. Within this constraint, folds are
stratified by the binary label to keep the class distri-
bution similar across folds. Because entire articles
are assigned to folds, fold sizes vary slightly, and
each fold corresponds to an approximately 80/20
split between training and test data. The fold as-
signments were computed once per task and stored
with the dataset, so that every model is trained and
evaluated on identical folds.

4 Methods

4.1 Task Formulation

We formulate the framing classification as two in-
dependent binary classification tasks: one for threat
orientation and one for solution orientation. Each
classifier produces a binary decision (positive or
negative) for a single target sentence, though both
methods additionally receive contextual informa-
tion as described in Sections 4.2 and 4.3. This
decomposition into two binary tasks rather than a
single four-class task reflects the structure of the
underlying coding scheme, where threat and solu-
tion are independent dimensions. A sentence can
be classified as both threat- and solution-oriented if
both binary classifiers return a positive prediction,
or as neither if both return negative predictions.

4.2 Fine-Tuned Encoder Classification

We fine-tune three pre-trained German en-
coder models of different architectures and
sizes. deepset/gbert-large (Chan et al.,
2020) is a monolingual German BERT model
with 335M parameters, pre-trained with whole-
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word masking. deepset/gelectra-large
(Chan et al., 2020) is a German ELECTRA
model of the same size, pre-trained with
the replaced-token-detection objective (Clark
et al., 2020). GeistBERT/GeistBERT_base
(Scheible-Schmitt and Frei, 2025) is a smaller Ger-
man model following the RoBERTa base configu-
ration (Liu et al., 2019b), pre-trained with whole-
word masking. For all three models, we use the
standard HuggingFace sequence classification ar-
chitecture (Wolf et al., 2020), which places a classi-
fication head on top of the final-layer representation
of the first input token.

To incorporate contextual information, we use
the models’ native two-segment input format, with
the target sentence in the first segment and its sur-
rounding context in the second:

[CLS] target sentence [SEP] context [SEP]

For GeistBERT, the model-specific equivalents of
these special tokens are used. We compare four
input configurations that differ in the amount of
context provided: (1) the target sentence alone,
without a context segment; (2) the target sentence
with the immediately preceding sentence; (3) the
target sentence with both the immediately preced-
ing and the immediately following sentence; and
(4) the target sentence with the four preceding and
the four following sentences. When both preced-
ing and following sentences are included, they are
separated within the context segment by an addi-
tional separator token (preceding [SEP] follow-
ing). Context sentences that fall outside the arti-
cle boundaries, for instance preceding sentences
for the first sentence of an article, are replaced by
empty strings. This input format allows the trans-
former’s self-attention mechanism to attend to con-
textual cues from the surrounding text when com-
puting the representation used for classification,
following the principle that isolated sentences are
often ambiguous without their document context
(Cohan et al., 2019; Luoma and Pyysalo, 2020).

For each combination of model and input con-
figuration, two separate classifiers are fine-tuned,
one for threat classification and one for solution
classification. All models are fine-tuned directly
on the task-specific training data without interme-
diate domain-adaptive pre-training. Training uses
the AdamW optimizer (adamw_torch_fused)
with a learning rate of 2 × 10−5 or 3 × 10−5 and
between 10 and 15 epochs, depending on the model
and the input configuration.

4.3 Zero-Shot Prompting

The prompting-based approach classifies each sen-
tence in a separate zero-shot inference request,
without task-specific training or in-context exam-
ples. Each request contains the target sentence
together with up to four preceding and four fol-
lowing sentences from the same article, which cor-
responds to the largest context window used for
the fine-tuned encoders (Section 4.2). As with the
encoder models, one prompt is designed for threat
classification and another for solution classifica-
tion. The prompts are written entirely in German
to match the language of the source texts and the
original coding guidelines.

4.3.1 Prompt Architecture
Each prompt is composed of six XML-delimited
sections, following established practices in con-
text engineering (Mei et al., 2025; Schulhoff et al.,
2024). The prompt opens with a role definition
establishing the model as a climate journalism ana-
lyst, followed by a speech-act taxonomy (represen-
tative, directive, commissive, expressive, declara-
tive) that provides a linguistic framework for an-
alyzing communicative function. A framing defi-
nition section then defines the target framing type
through guiding questions (who, when, where, why,
how) and characteristic linguistic forms, derived
from the same coding guidelines used for manual
annotation. This is complemented by classification
rules that operationalize the guidelines into con-
crete inclusion and exclusion criteria (nine inclu-
sion and three exclusion rules for threat; eight and
seven for solution). Finally, the context sentences
and the target sentence to classify are appended.
This architecture mirrors the information available
to human coders, namely the coding guidelines and
the surrounding article text, but deliberately omits
labeled examples, so that the models rely solely on
the written guidelines.

4.3.2 Structured Output with Chain of
Thought

The generative models return a structured JSON ob-
ject with three fields in a fixed order. The reason
field appears first, requiring the model to produce
a short justification (one to three sentences) be-
fore committing to a classification. This ordering
follows the chain-of-thought principle (Wei et al.,
2022), which has been shown to improve classifi-
cation accuracy in content analysis tasks (Dunivin,
2025). The classification field contains a
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Table 1: Evaluated prompting models. Parameter counts
for mixture-of-experts (MoE) models are given as to-
tal/active.

Model Params Arch. Weights

MiMo-V2.6-Flash 309B/15B MoE open
Qwen3.8-27B 27B dense open
Llama 4 Maverick 400B/17B MoE open
Jev-1.13.0 n/a decision closed

boolean value indicating whether the sentence ex-
hibits the framing type. The confidence field
contains a numeric score reflecting the model’s self-
assessed certainty. For models that offer a native
reasoning mode, this mode was enabled in addition
to the reason field.

4.3.3 Models

Table 1 summarizes the four evaluated mod-
els. meta-llama/llama-4-maverick is re-
tained from preliminary work, where it was se-
lected based on cost-performance evaluations by
Maier (2025). xiaomi/mimo-v2.6-flash1

is a recently released sparse mixture-of-experts
model, and qwen/qwen3.8-27b (Qwen Team,
2026) is a dense model of moderate size with a
hybrid attention mechanism combining linear and
full attention layers. Together, these three open-
weights generative models cover both sparse and
dense architectures across a range of active param-
eter counts.

The fourth model, jev-1.13.02, differs fun-
damentally from the generative models. Jev is a
closed-weights decision model that is built on a pre-
trained language model but trained with reinforce-
ment learning for calibrated decisions (RLCD). In-
stead of generating free text, it receives structured
input state and a question, and returns a typed an-
swer together with a probability. We supplied Jev
with the same German-language content as the gen-
erative models: the role definition, speech-act tax-
onomy, framing definition, classification rules, and
context sentences were passed as input state, and
the classification was posed as a question with a
boolean answer type. Because Jev does not gen-
erate text, it produces no reason field. Jev’s pri-
mary training language is English, so its application
to German input constitutes a cross-lingual setting.

1https://mimo.mi.com/models/en-US/
mimo-v2.6-flash

2https://typesafe.ai/blog/
introducing-system-one-models-and-jev

4.3.4 Inference Parameters

The three generative models were accessed through
the OpenRouter API, and Jev through its provider’s
API. Structured output parsing for the generative
models was handled by the Vercel AI SDK, which
enforces the three-field JSON schema (reason, clas-
sification, confidence) at the API level rather than
relying on manual extraction from free-form text.
All generative inference requests used a temper-
ature of 0 and a fixed random seed (seed=42).
Each sentence was classified once per model and
task in a separate request. Because the prompting
approach requires no training, every model classi-
fies each sentence exactly once, and the predictions
are grouped by the cross-validation fold of the re-
spective sentence for evaluation.

4.4 Evaluation

All models are evaluated on the same five article-
grouped cross-validation folds (Section 3). For the
fine-tuned encoders, a separate model is trained on
the training split of each fold and evaluated exclu-
sively on the test split of that same fold. For the
prompting models, which require no training, the
predictions are grouped by the fold of the respec-
tive sentence. Our primary metric is the weighted
F1 score over both classes on each fold’s test split,
which accounts for performance on framing and
non-framing sentences alike. The weighted F1
score is computed separately for each fold and re-
ported as the mean and standard deviation across
the five folds. This comparison covers all encoder
models, input configurations, and prompting mod-
els.

For the best-performing encoder configuration
and the best-performing prompting model, we con-
duct two additional analyses. First, because the
balanced evaluation sets do not reflect the class
distribution encountered in practice, we evaluate
both models on all 10,981 sentences of the corpus
at their natural base rate (23.4% threat-oriented
and 37.4% solution-oriented sentences). Because
the folds are defined at the article level, each neu-
tral sentence that was excluded by the balanced
sampling can be assigned to the test split of the
fold containing its source article, where that arti-
cle is guaranteed not to occur in the training split.
Each fold model is then applied to its extended test
split, so that across the five folds every sentence of
the corpus is classified exactly once without article
overlap between training and test data. The prompt-
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ing models are applied to the same extended test
splits. For this setting, we report positive-class F1
together with weighted and macro F1, pooled over
all folds. Second, we isolate the subset of evalua-
tion sentences on which the two models produce
different predictions and report precision, recall,
and F1 for the positive class, along with overall
accuracy, on this disagreement subset.

5 Results

5.1 Main Results

Table 2 reports the weighted F1 scores of all en-
coder models and input configurations as well as
all prompting models, averaged over the five cross-
validation folds.

The best fine-tuned encoder and the best prompt-
ing model perform on par. GBERT-large with ±4
context achieves a weighted F1 of 0.805 for threat
and 0.802 for solution classification, while MiMo-
V2.6-Flash achieves 0.807 and 0.798, respectively.
The differences of at most 0.004 are small rela-
tive to the standard deviations across folds (0.013–
0.022), so neither approach can be considered su-
perior on the balanced evaluation sets.

Among the prompting models, MiMo-V2.6-
Flash performs best on both tasks. Qwen3.8-27B
and Llama 4 Maverick reach similar scores for
threat classification (0.790 and 0.791) and fall
slightly further behind on solution classification
(0.777 and 0.770). Jev-1.13.0 shows the most un-
even profile: its solution classification (0.772) is
comparable to that of Qwen3.8-27B and Llama 4
Maverick and has the lowest variance across folds
of all models (±0.006), whereas its threat classifi-
cation (0.701) is clearly the weakest result in the
comparison.

5.2 Effect of Context and Encoder Choice

Adding context improves all three encoders mono-
tonically on both tasks (Table 2). For GBERT-
large, weighted F1 increases from 0.760 with the
target sentence alone to 0.805 with ±4 context for
threat classification, and from 0.754 to 0.802 for
solution classification, gains of 4.5 and 4.8 points.
GELECTRA-large shows similar gains (4.3 and
4.4 points), while GeistBERT-base benefits some-
what less (3.0 and 3.8 points). The largest single
improvement comes from adding the preceding sen-
tence (2.1 and 2.3 points for GBERT-large), with
smaller additional gains from the following sen-
tence (1.3 and 1.4 points) and from extending the

window to four sentences on either side (1.2 and
1.1 points). Although the gains between adjacent
configurations are of a similar magnitude to the
standard deviations across folds, the consistent di-
rection across all models and both tasks indicates a
robust effect of context, in line with findings from
sequential sentence classification research (Cohan
et al., 2019; Luoma and Pyysalo, 2020).

The ranking of the encoders is stable across
all configurations and both tasks: GBERT-large
performs best, followed closely by GELECTRA-
large, while the smaller GeistBERT-base consis-
tently scores lowest. Notably, GBERT-large with
only the preceding and following sentence (±1)
already matches Qwen3.8-27B and Llama 4 Mav-
erick, which receive ±4 context.

5.3 Natural Class Distribution
Table 3 reports the performance of the best encoder
(GBERT-large, ±4) and the best prompting model
(MiMo-V2.6-Flash) on all 10,981 sentences at their
natural class distribution, pooled over the five folds.

Under the natural distribution, positive-class F1
decreases considerably for both models compared
to the balanced setting, most strongly for threat
classification, where positive sentences make up
less than a quarter of the corpus. For threat classi-
fication, MiMo-V2.6-Flash outperforms GBERT-
large on all three metrics, by 2.5 points in positive-
class F1 and 2.7 points in weighted F1. For so-
lution classification, GBERT-large retains a small
advantage of 1.0 point in positive-class F1. For
GBERT-large, the decrease is driven by precision:
its recall for the positive class remains high (0.819
for threat, 0.833 for solution), but its precision falls
to 0.536 and 0.694, respectively, as the model as-
signs the positive label to a substantial share of the
additional neutral sentences.

5.4 Disagreement Analysis
To understand where the two approaches diverge,
we isolated the evaluation sentences on which
GBERT-large (±4) and MiMo-V2.6-Flash produce
different predictions. The two models disagree on
989 threat sentences (19% of the evaluation set) and
1,519 solution sentences (18%). Table 4 reports the
performance of both models on these subsets.

Since the two binary classifiers disagree on every
sentence in these subsets, exactly one of them is
correct for each sentence, and their accuracies sum
to one. Neither model dominates: MiMo-V2.6-
Flash is correct on 51.6% of the contested threat
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Table 2: Weighted F1 on the balanced test splits (mean ± standard deviation across five article-grouped folds).
Context columns: target sentence only (T), target with the preceding sentence (−1), target with the preceding and
following sentence (±1), and target with the four preceding and four following sentences (±4). Prompting models
receive ±4 context. The best score per task is shown in bold.

Threat Solution

Model T −1 ±1 ±4 T −1 ±1 ±4

Fine-tuned encoders
GBERT-large .760±.011 .781±.017 .793±.013 .805±.017 .754±.014 .777±.013 .792±.013 .802±.013
GELECTRA-large .759±.013 .775±.016 .793±.018 .802±.019 .750±.022 .773±.013 .784±.014 .794±.017
GeistBERT-base .752±.026 .763±.016 .775±.015 .782±.019 .743±.013 .765±.014 .776±.010 .781±.012

Zero-shot prompting
MiMo-V2.6-Flash – – – .807±.014 – – – .798±.022
Qwen3.8-27B – – – .790±.010 – – – .777±.014
Llama 4 Maverick – – – .791±.016 – – – .770±.015
Jev-1.13.0 – – – .701±.022 – – – .772±.006

Table 3: Pooled F1 on the full corpus at the natural
class distribution (n = 10,981; 23.4% threat, 37.4%
solution). Pos. denotes F1 for the positive class.

Task Model Pos. Weighted Macro

Threat GBERT-large .648 .804 .750
Threat MiMo-V2.6-Flash .673 .831 .776

Solution GBERT-large .757 .803 .794
Solution MiMo-V2.6-Flash .747 .799 .788

Table 4: Performance on the disagreement subsets, i.e.,
sentences where GBERT-large (±4) and MiMo-V2.6-
Flash produce different predictions. Precision (P), recall
(R), and F1 are reported for the positive class; accuracy
(Acc) is computed over both classes.

Task Model P R F1 Acc n

Threat GBERT-large .510 .612 .557 .484 989
Threat MiMo-V2.6-Flash .561 .388 .459 .516 989

Solution GBERT-large .467 .583 .518 .513 1,519
Solution MiMo-V2.6-Flash .428 .417 .423 .487 1,519

sentences, and GBERT-large on 51.3% of the con-
tested solution sentences. The models differ mainly
in their decision tendencies. GBERT-large assigns
the positive label more readily and achieves higher
recall on both tasks (0.612 and 0.583), which re-
sults in a higher positive-class F1. MiMo-V2.6-
Flash is more conservative, particularly for threat
classification, where it recovers only 38.8% of the
contested threat sentences but with higher precision
(0.561).

Qualitative inspection of the disagreement sub-
sets did not reveal clear-cut error patterns that sep-
arate the two approaches. Both models succeed
on some and fail on other sentences of the same
kind, notably sentences focused on sustainability,

sentences dealing with legislation, climate litiga-
tion, and activism, and sentences whose framing
can only be recognized from a broader context.
Identifying systematic differences between the ap-
proaches would likely require an in-depth linguistic
analysis of the disagreement cases.

6 Discussion

The central finding of this study is that only the
most recent prompting model closes the perfor-
mance gap to fine-tuned encoders. Prior com-
parisons have consistently found that fine-tuned
encoders outperform zero- and few-shot LLM
prompting when sufficient training data is avail-
able (Bucher and Martini, 2024; Galke and Scherp,
2024; Edwards and Camacho-Collados, 2024;
Zhang et al., 2025). Our results for Llama 4
Maverick, released in April 2025, and the smaller
Qwen3.8-27B, released as open weights on Au-
gust 14, 2026, follow this pattern: both remain be-
low GBERT-large with ±4 context and only reach
the level of GBERT-large with ±1 context. Only
MiMo-V2.6-Flash, released in September 2026,
matches the best encoder. Conclusions about the
relative merits of fine-tuning and prompting are
therefore highly time-dependent. Because release
date, size, and architecture vary jointly across the
evaluated models, we cannot attribute MiMo-V2.6-
Flash’s advantage to a single factor.

The context experiments support the argument
that framing is often expressed across sentence
boundaries rather than within a single sentence
(Matthes and Kohring, 2008). Every extension of
the context window improved all encoders, with
diminishing but still positive returns, so the optimal
window size beyond ±4 remains an open question.
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Model size appears to matter more than the pre-
training objective: the two large encoders perform
similarly, while the base-sized GeistBERT consis-
tently falls behind.

On the contested sentences, neither of the two
best models is reliably more accurate, and both fail
on sentences of the same kind. Many of these cases
may be genuinely ambiguous, which may partly re-
flect the sentence-level labels inherited from longer
coded segments (Section 3). Because the two ap-
proaches agree on more than 80% of sentences,
their agreement could serve as a practical quality
signal, for instance by routing only disagreement
cases to manual coding, although the reliability of
agreement cases remains to be tested.

The natural-distribution evaluation qualifies the
parity observed on the balanced sets. GBERT-large
loses considerable precision when confronted with
the full set of neutral sentences. A plausible ex-
planation is the shift in class priors: the encoders
were trained on balanced data and thus implicitly
assume a 50% base rate, whereas the prompting
models are not exposed to any training distribution.
Encoders applied to full corpora should therefore
be trained on the natural distribution or have their
decision threshold adjusted.

Jev-1.13.0 yields a mixed picture, with compet-
itive and highly stable solution classification but
the weakest threat classification. Possible explana-
tions include its primarily English training and the
absence of generated reasoning, which may matter
more for threat framing, where the framing is often
implicit, but our experiments cannot distinguish
between them.

In practical terms, fine-tuned encoders require
labeled data and GPU resources for training, but
afterwards offer fast, deterministic, and locally ex-
ecutable inference that remains reproducible over
time. Prompting requires no labeled data but de-
pends on API access to models that may change or
be retired. Notably, MiMo-V2.6-Flash was also the
cheapest generative model in our comparison, with
all runs costing approximately USD 2.3, compared
to USD 12.4 for Llama 4 Maverick and USD 13.1
for Qwen3.8-27B.

7 Conclusion

We compared fine-tuned encoder models and zero-
shot prompting for classifying threat and solution
framing in sentences from German-language cli-
mate news, using five-fold cross-validation with

article-grouped folds. The best encoder, GBERT-
large with ±4 context, and the best prompting
model, MiMo-V2.6-Flash, performed on par, with
weighted F1 scores of 0.805 and 0.802 versus
0.807 and 0.798 for threat and solution classifi-
cation, respectively. Prompting models released
before MiMo-V2.6-Flash remained below the best
encoder, indicating that this parity is a recent devel-
opment. Additional context improved all encoders
consistently.

For sentence-level framing classification, current
prompting models have thus become a viable, low-
cost alternative to fine-tuned encoders even when
labeled training data is available, while fine-tuned
encoders remain attractive where reproducibility
and local execution matter. Future work should
examine context windows beyond four sentences,
training encoders on the natural class distribution,
and agreement-based prioritization of sentences for
manual coding, and such comparisons should be
repeated as new models are released.

Limitations

The sentence-level labels are inherited from manu-
ally coded segments, which introduces label noise
that likely lowers the attainable performance for all
models, and no formal intercoder reliability statis-
tics are available for the annotations (Krippendorff,
2004). The balanced undersampling discards po-
tentially informative negative examples and, as the
natural-distribution evaluation shows, reduces the
precision of the fine-tuned encoders. Learning rate
and number of epochs were set per model and in-
put configuration without a separate validation split,
which may slightly favor the encoders. No formal
significance tests were conducted, and several of
the reported differences lie within the standard de-
viation across folds. For the prompting models, we
evaluated a single zero-shot prompt design with
one pass per model, and we cannot rule out that
the models were exposed to the published news
articles during pre-training, although not to the an-
notations. The use of API-based models, including
the closed-weights Jev-1.13.0, limits long-term re-
producibility (Carlson et al., 2026). Finally, the
corpus is restricted to two Austrian newspapers
and a six-month period, and it remains to be tested
whether the findings generalize to other outlets,
languages, and framing categories.
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