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Abstract
Financial news plays a central role in shaping investor sentiment and short-term dynamics in commodity markets.
Many downstream financial applications—such as commodity price prediction or sentiment modeling—therefore rely
on the ability to automatically identify news articles that are relevant to specific assets. However, obtaining large
labeled corpora for financial text classification tasks is costly, and transformer-based classifiers such as RoBERTa
often degrade significantly in low-data regimes. Our results show that appropriately prompted out-of-the-box
Large Language Models (LLMs) achieve strong performance even in low-data regimes. Furthermore, we propose
LabelFusion, a hybrid architecture that combines the output of a prompt-engineered LLM with contextual embeddings
produced by a fine-tuned RoBERTa encoder through a lightweight Multilayer Perceptron (MLP) voting layer. Evaluated
on a ten-class multi-label subset of the Reuters-21578 corpus, LabelFusion achieves a macro F1 score of 96.0%
and an accuracy of 92.3% when trained on the full dataset, outperforming both standalone RoBERTa (F1 94.6%)
and the standalone LLM (F1 93.9%). In low- to mid-data regimes, however, the LLM alone proves surprisingly
competitive, achieving an F1 score of 75.9% even in a zero-shot setting and consistently outperforming LabelFusion
until approximately 80% of the training data is available. These results suggest that LLM-only prompting represents
the preferred strategy under annotation constraints, whereas LabelFusion becomes the most effective solution once
sufficient labeled data is available to train the encoder component. The code is available in an anonymized repository.
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1. Introduction Transformer-based approaches incorporate senti-
ment through attention mechanisms that weight

Emotional factors play an substantial role in the ~ emotional signals according to their relevance to
decision-making processes of both institutional and ~ Price movements (Chen et al., 2024).

individual investors. Such emotional signals exert ~ An important preliminary step in news-based finan-
a measurable influence on individual commodity re-  cial prediction tasks, such as forecasting sentiment
turns, including assets such as oil or gold, and can  In news to predict future gold or oil prices, is the
even enable short-term predictive insights (Sinha filtering of relevant articles. Only news that is di-
and Shastri, 2020). rectly related to the specific commodity provides
News articles on specific commodities can actas ~ Meaningful and informative training data for sub-
a primary source of these emotional signals; con- ~ Sequent modeling tasks. This data filtering step is
sequently, financial news represents a valuable therefore as critical as the sentiment classification
resource for identifying market sentiment and po- task itself. The extremely large volume of available
tentially anticipating subsequent developments in financial news makes manual selection infeasible,
commodity prices. creating a clear need for automated text classifica-
Transformer-based models such as FinBERT are  tion methods capable of identifying documents that
commonly employed to extract sentiment from fi- ~ are relevant to specific commodities or financial
nancial news by fine-tuning pre-trained language ~ @ssets.

models on labeled financial text corpora (Araci, LabelFusion addresses this gap by combining state-
2019). Different model families integrate these sen- ~ Of-the-art LLMs with a fine-tuned RoBERTa en-
timent scores in different ways. Hybrid Long Short- ~ coder through an intelligent MLP-based voting
Term Memory (LSTM) models use transformer- mechanism. This approach enables effective multi-
extracted sentiment as additional input features label text classification while reducing dependence
that vary in time along with price data (Chae and ~ ©Nn extensive manually labeled training data. Our
Choi, 2023; Yang et al., 2022; Nabipour et al., 2026). ~ contributions are as follows:
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1. We show that out-of-the-box LLMs, when used
with appropriate prompting, achieve high clas-
sification accuracy even when training data is
scarce.

. We introduce a hybrid fusion model that com-
bines LLM predictions with RoBERTa embed-
dings via a trainable MLP. With sufficient train-
ing data (80%—100%), the approach improves
the F1 score from 0.939 to 0.960 compared to
a standalone fine-tuned RoBERTa model.

We present LabelFusion, a user-friendly soft-
ware package that facilitates the integration
and deployment of fusion-based classification
models (Anonymous, 2025).

2. Related Work

The Reuters-21578 corpus (Lewis, 1997) has
served as the standard benchmark for multi-label
financial news categorization for decades, with clas-
sical classifiers such as Support Vector Machine
(SVM), k-Nearest Neighbors (KNN), and Rocchio
establishing strong baselines under severe label
imbalance (Debole and Sebastiani, 2005). More
recent work has applied Graph Convolutional Net-
works (GCNSs) that propagate semantic information
across document, word, and label nodes (Zeng
et al., 2024), as well as attention-based architec-
tures that explicitly model label correlations (Yuan
et al., 2024; Ma et al., 2024). Despite their strong
empirical results, all of these methods depend on
substantial labeled training data and do not incorpo-
rate the broad language understanding that LLMs
provide.

Brown et al. (2020) demonstrated that GPT-3
achieves competitive performance across a wide
range of Natural Language Processing (NLP)
benchmarks through in-context few-shot prompting
without any gradient updates, an intuition formal-
ized by Schick and Schiitze (2021) through cloze-
style Pattern-Exploiting Training (PET) and refined
by Gao et al. (2021) via automatic prompt and ver-
balizer search. More recent evaluations confirm
that instruction-tuned LLMs are effective zero-shot
classifiers (Wang et al., 2023), although fine-tuned
encoder models retain a competitive advantage
when sufficient labeled data is available (Chae and
Davidson, 2025).

Ensemble and fusion approaches that combine
predictions from multiple pre-trained models con-
sistently outperform individual classifiers (Abburi
et al., 2023), and more tightly integrated architec-
tures show that encoder embeddings and LLM-
derived features contribute complementary infor-
mation (Koloski et al., 2024; Gwak and Jung, 2025).
To our knowledge, no prior work has explicitly fused
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prompt-based LLM predictions with fine-tuned en-
coder representations for multi-label financial news
classification. LabelFusion addresses this gap by
combining both sources through a trainable MLP
voting layer, enabling robust performance across
the full spectrum of labeled data availability.

3. Model Architecture

Let x denote an input text to be assigned labels
from a predefined label set Y = {1, ..., K}, where
K denotes the total number of possible categories.
The task is multi-label classification, meaning that
multiple labels may be associated with a single
input text. LabelFusion combines two complemen-
tary components — a prompt-based LLM and a
fine-tuned RoBERTa encoder — whose outputs
are fused by a trainable MLP voting layer.

3.1.

The input text x is inserted into a prompt template

Prompt-Based LLM Component

p(x) =T(x, Y, &),

where 7(-) denotes the prompt template, ) repre-
sents the list of predefined labels, and £ denotes
an optional set of demonstration examples. Three
prompt regimes are considered: zero-shot (€ = (),
one-shot (|&] = 1), and few-shot (|€] > 1). The
prompt is processed by a LLM

frim : p(x) — 2,

where z € {0,1}X is a binary prediction vector.
Each element z; is defined as 2, = 1 if label k is
predicted to be present and z;, = 0 otherwise.

3.2. RoBERTa Representation
Component

The same input text is independently encoded by
a fine-tuned RoBERTa model:

h = frp(x) € R7%,

where h corresponds to the contextual embedding
of the [cLs] token, capturing rich task-specific
semantic information from the input text.

3.3. Feature Fusion and Prediction

The outputs of both components are concatenated
to form a fused representation:

u=[h; 2] € RTTE,

This fused vector combines the dense contextual
embedding from RoBERTa with the discrete label



Input Text x

RoBERTa Encoder
h = fre(x)

Prompt Template
p=T(z,),€)

LLM
2= fum(p)

Embedding
h € RT(N

Feature Fusion
u = [h;2]

MLP
§ = fue(u)

Final Labels g

Figure 1: Architecture of LabelFusion. An Input
text x is processed along two parallel branches:
a prompt template T'(z, ), £) feeds a LLM to pro-
duce a binary label vector z € {0,1}¥, while a
RoBERTa encoder produces a contextual embed-
ding h € R7%®. The two representations are con-
catenated into a joint feature vector u = [h; 2],
which is passed to a trainable MLP that outputs the
final label predictions 4.

predictions from the LLM, and is passed through a
MLP voting model:

y = flVILP(U) S [07 1]Ka

where each element ¢, represents the predicted
probability of label k. The architecture is illustrated
in Figure 1.

4. Experimental Setup

4.1. Dataset

The dataset was constructed from the Reuters-
21578 (R21578) corpus, which contains approx-
imately 12,902 documents spanning around 135
topic categories with a highly skewed label distribu-
tion. To obtain a manageable and well-populated
benchmark, only the ten most frequent topics were
retained: earn, acq, money-fx, grain, crude, trade,
interest, ship, wheat, and corn. Documents con-
taining none of the selected topics were excluded,
yielding 9,034 documents. Each article was rep-
resented using its full raw text, and a multi-label
binary target vector of length ten was created for
each document. Despite the filtering, the dataset
remains challenging: label frequencies range from
3,964 documents for earn to only 237 for corn, and
9.2% of documents carry two or more topic labels
simultaneously.

The corpus provides an official benchmark split into
training and test data, which was preserved to en-
sure comparability with prior work. The test set

(2,545 documents) was kept intact from the orig-
inal ModApte split. From the training portion, a
validation set of 647 documents (10%) was carved
out using multilabel stratified sampling to maintain
a consistent topic distribution across splits, leav-
ing 5,842 documents for training. This procedure
yielded three subsets: a training set used for model
learning, a validation set for hyperparameter tun-
ing and model selection, and a held-out test set
used exclusively for the final evaluation of model
performance.

4.2. Experimental Setup

To evaluate the proposed LabelFusion architecture,
we conduct experiments with varying amounts of
labeled training data. We construct training sub-
sets comprising 5%, 10%, 20%, 40%, 60%, 80%,
and 100% of the available labeled dataset (5,842
samples). Each subset is used to train the super-
vised components of the model (RoBERTa and the
fusion MLP), while the LLM branch remains prompt-
based. For each subset, the respective proportion
of training data is incorporated into the prompt tem-
plate, which is then sent to the LLM.

We compare LabelFusion against several base-
lines:

* RoBERTa, a transformer encoder used as a
standalone classifier, is fine-tuned on the re-
spective proportion of the training data.

+ GPT-5-nano receives training data subsets em-
bedded in our prompt template. Additionally,
we evaluate the performance of the out-of-the-
box model in a zero-shot setting, where no
training data is used and the prompt template
is not applied. Furthermore, we assess classifi-
cation performance in ultra-low data scenarios,
where only a single example is included in the
prompt template.

» Term Frequency—Inverse Document Fre-
quency (TFIDF) + Logistic Regression (LR),
a classical linear baseline trained on the full
dataset.

For each configuration, we report Accuracy, F1
score, Precision, and Recall. These metrics allow
us to evaluate both overall prediction quality and
the balance between false positives and false neg-
atives.

5. Results & Discussion

Table 5 reports macro F1, accuracy, precision, and
recall across all training data fractions and models.
The classical TFIDF+LR baseline achieves 80.6%
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Data Model F1 Acc. Prec. Rec.
0-shot GPT-5-nano 759 834 89.2 705
1-shot GPT-5-nano 76.1 84.1 92.0 68.0
5% (292) Fusion 717 706 720 715
5% (292) RoBERTa 372 00 276 713
5% (292) GPT-5-nano 93.0 88.1 952 91.7

10% (584) Fusion 671 67.0 67.2 67.1

10% (584) RoBERTa 41.7 400 321 61.6
10% (584) GPT-5-nano 93.8 88,5 96.2 92.6
20% (1168) Fusion 752 720 769 745
20% (1168) RoBERTa 534 673 46,5 643
20% (1168)  GPT-5-nano 92.8 88.6 951 923
40% (2336) Fusion 88.6 83.6 89.3 88.9
40% (2336) RoBERTa 83.6 820 858 85.0
40% (2336) GPT-5-nano 93.1 87.9 952 917
60% (3505) Fusion 932 855 929 95.0
60% (3505) RoBERTa 90.7 834 90.6 945
60% (3505) GPT-5-nano 93.8 88.4 959 924
80% (4673) Fusion 954 90.2 954 965
80% (4673) RoBERTa 943 888 93.0 96.6
80% (4673) GPT-5-nano 934 88.0 951 9138
100% (5842) Fusion 96.0 923 96.7 96.1
100% (5842) RoBERTa 946 89.0 932 96.6
100% (5842) GPT-5-nano 93.9 88.9 96.3 927
100% (5842) TFIDF+LR 68.2 80.6 954 56.9

Table 1: Performance comparison of LabelFusion,
standalone RoBERTa, GPT-5-nano, and a TFIDF
+ LR baseline across varying amounts of labeled
training data. GPT-5-nano is evaluated in one-shot
mode throughout; the zero-shot row reports its per-
formance without any training data. TFIDF + LR is
trained on the full dataset and included as a classi-
cal reference. All metrics are macro-averaged and
reported in percent (%) on the Reuters-21578 test
set.

accuracy and a macro F1 of 68.2%, with high pre-
cision (95.4%) but low recall (56.9%), reflecting
conservative prediction behavior.

Several clear patterns emerge from Table 5.
Even in zero-shot mode, the standalone LLM al-
ready achieves a macro F1 of 75.9%, exceeding
the TFIDF+LR baseline (68.2%) by a large mar-
gin, likely due to the broad general knowledge and
natural language understanding acquired during
pretraining. Moving to one-shot mode yields only a
marginal gain (76.1%), suggesting that the LLM re-
quires more than a single demonstration to benefit
meaningfully from in-context examples.

In the ultra-low data regime, the standalone
RoBERTa classifier struggles severely. With only
5% of the training data (292 documents), it achieves
an accuracy of 0.0% and a macro F1 score of
37.2%, indicating that the model has not yet learned
a reliable decision boundary. With 10% of the data
(584 documents), performance improves to an F1
score of 41.7%, but remains far below the LLM. In
contrast, the LLM achieves an F1 score of 93.0%
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at 5% and 93.8% at 10%, demonstrating that it is a
highly effective standalone solution in low-data set-
tings. LabelFusion in these regimes achieves F1
scores of 71.7% and 67.1% at 5% and 10%, which
are better than standalone RoBERTa but inferior
to the LLM alone. We interpret this as a conse-
quence of the poorly trained RoBERTa component,
which appears to introduce noise into the voting
process and thereby degrades the overall fusion
performance relative to the LLM in isolation.

In the low- to mid-data regime spanning 5% to 60%
of the training data, the LLM consistently outper-
forms both standalone RoBERTa and LabelFusion
with respect to macro F1 score. We further ob-
serve that using only 5% of the training data is suf-
ficient for the LLM to achieve one of the highest F1
scores in the overall classification task. This finding
highlights the potential of LLMs as a standalone
approach. In the low- to mid-data regime, LabelFu-
sion is still hampered by noise introduced by the
insufficiently fine-tuned RoBERTa encoder, whose
weak task-specific signal interferes with the more
reliable LLM predictions in the voting layer. Nev-
ertheless, a clear upward trend can be observed:
as the proportion of training data increases, the
RoBERTa component begins to contribute increas-
ingly useful representations, leading to a steady
improvement in LabelFusion’s overall accuracy.
From 80% of the training data onward, this trend
reaches a tipping point and the situation reverses
decisively. LabelFusion surpasses both standalone
methods, reaching an accuracy of 90.2% and a
macro F1 score of 95.4% at 80%, and achieving
the best overall performance with 92.3% accuracy
and a macro F1 score of 96.0% when trained on
the full dataset. These results confirm that once
the RoBERTa component is sufficiently trained, the
fusion mechanism effectively combines the task-
specific discriminative power of the transformer with
the broad language understanding of the LLM, re-
sulting in a model that is more robust than either
component in isolation.

6. Conclusion & Future Work

We introduced LabelFusion, a hybrid architecture
that fuses the logits of a prompt-engineered LLM
with embeddings from a fine-tuned RoBERTa en-
coder via a trainable MLP voting layer for multi-
label financial news classification. Experiments
on the Reuters-21578 corpus show that the two
model families are complementary and that the
optimal strategy depends on the available annota-
tion budget: a carefully prompted LLM constitutes
the strongest standalone solution in low- to mid-
data regimes, while LabelFusion becomes the pre-
ferred choice once sufficient labeled data is avail-
able—approximately from 80% of the training data



onward—where the fine-tuned encoder provides
reliable task-specific signals that the fusion layer
can exploit effectively.

Future work will explore the integration of additional
modalities into LabelFusion. The architecture is de-
signed for the seamless integration of further input
sources. In particular, we hypothesise that recent
stock price time series of corresponding commodi-
ties significantly influence the probability that the
commodity appears in financial news. The next
logical step would therefore be the integration of
historical commodity prices as an additional input
modality. These time series could be processed
by time-series transformer architectures, which are
well suited for extracting short-term temporal pat-
terns through attention mechanisms, and could
thereby further improve the macro F1 score of the
fusion model.
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A. Dataset Construction and
Processing

This section describes the construction of the
dataset used in all experiments. We used the
Reuters-21578 corpus as provided through the
NLTK Reuters corpus interface and constructed
a multi-label classification dataset based on the
standard ModApte spilit.

A.1. Document Extraction

We restricted the label space to the ten most
frequent Reuters topics commonly used in the
ModApte setting: earn, acq, money—fx, grain,
crude, trade, interest, ship, wheat, and
corn.

Documents from both the original training and
test partitions were filtered accordingly, and only
those assigned at least one of the selected labels
were retained in the final dataset.

For each retained document, the model input was
constructed by concatenating the headline and the
article body into a single text sequence.

A.2. Dataset Splitting Procedure

The original Reuters training and test partitions
were preserved as defined by the corpus reader,
where document identifiers beginning with train
and test determine split membership. The filtered
test partition was kept unchanged throughout all
experiments as the held-out test set.

The filtered training partition was further divided
into training and validation subsets using a fixed
split ratio of 90/10. To preserve the multi-label dis-
tribution across the selected topic set, multilabel-
stratified shuffle splitting based on the iterative strat-
ification method was applied (Sechidis et al., 2011;
Szymarniski and Kajdanowicz, 2017).

A.3. Dataset Assembly

All retained documents were aggregated into a tab-
ular dataset in which each row corresponds to a
single Reuters article. The final representation con-
sisted of the document text and ten binary topic
columns.

After filtering for the selected topic set, the
dataset comprised 9,034 documents in total, in-
cluding 5,842 training, 647 validation, and 2,545
test documents.

All preprocessing and split operations were de-
terministic to ensure reproducibility across experi-
mental runs.
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Topic Training set  Validation set
earn 2877 (44.30%) 288 (44.51%)
acq 1650 (25.41%) 165 (25.50%)
money-fx 539 (8.30%) 54 (8.35%)
grain 434 (6.68%) 43 (6.65%)
crude 391 (6.02%) 39 (6.03%)
trade 369 (5.68%) 37 (5.72%)
interest 347 (5.34%) 35 (5.41%)
wheat 212 (3.26%) 21 (3.25%)
ship 198 (3.05%) 20 (3.09%)
corn 182 (2.80%) 18 (2.78%)

Table 2: Class distribution in the training and vali-
dation sets after multilabel-stratified splitting.

Parameter Value

Base model roberta-base

Maximum  sequence 256

length

Learning rate 2x107°

Number of epochs 2

Batch size 32

Task setting Multi-label classifica-
tion

Table 3: Hyperparameters of the standalone
RoBERTa classifier.

A.4. Class Distribution

The distribution of topic labels in the training dataset
reflects the natural class imbalance of the Reuters
corpus. As shown in Table 2, the relative frequency
of each topic remains nearly identical between the
training and validation sets after multilabel-stratified
splitting, demonstrating that the stratification pro-
cedure successfully preserved the overall class
distribution across subsets.

B. Hyperparameter and Training
Configuration

The configuration parameters for all model compo-
nents and experimental settings are summarized
in Tables 3-6. Unless stated otherwise, the same
hyperparameters were applied across all experi-
mental conditions.

B.1. Prediction Threshold

Predicted probabilities produced by the classifica-
tion models were converted into binary label as-
signments using a fixed threshold of 0.5 for all topic
categories. The same threshold was applied con-
sistently across all models and experimental set-
tings.



Parameter Value Prompting regime Number of examples
Model GPT-5-nano Zero-shot 0
Temperature 0.1 One-shot 1
Top-p 1.0 Few-shot 20
Maximum completion to- 150
kens Table 6: Number of in-context examples used in
Task setting Multi-label classifica- each prompting regime.
tion
Caching Enabled

Table 4: Hyperparameters of the LLM classifier.

Parameter Value
Fusion hidden dimen- [64, 32]
sions

Learning rate (ROBERTa 1 x 1075
in fusion)

Learning rate (fusion 5x 1074
MLP)

Number of epochs 10

Batch size 8
Classification type Multi-label

Table 5: Hyperparameters of the fusion ensemble
model.

C. Prompt Template

For an input text z, the prompt presented to the lan-
guage model follows a consistent structure consist-
ing of task instructions, optional training examples,
and an output format specification.

The initial role prompt is automatically generated
from labeled training examples using a dedicated
meta-prompting procedure. This design ensures
that the prompt adapts to the characteristics of each
dataset rather than relying on a fixed manually spec-
ified role description.

You are a financial analyst who
identifies whether a news article
belongs to one or more predefined
commodity-related categories.

The following examples show texts and

their classifications for labels:

acq, money-fx, grain, crude,
interest, ship, wheat,

earn,
trade, corn
Training Data Examples:

Example 1:

Text: U.S. grain exporters reported
increased shipments following strong
overseas demand.

Ratings: 0 | O | O | 2 | O | O | O | O
| 0| O

Example 2:
Text: The company announced plans to
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acquire a regional competitor in a
stock transaction.

Ratings: 0 | L | O | O | O | O | O | O
| 01 O

Given the above information, make a
prediction for the following paragraph.

{test article}

The output format shall be:

Each value must be either 1
present) or 0 (absent).
Multiple values may be 1, as this is a
multi-label classification task.

No additional text shall be shown —-
output only the classification line.

(label
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