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Abstract
This paper presents the participation of our team, NapierNLP, in the CLEF2025 CheckThat! Lab Task 1: Subjectivity.
This task aimed to differentiate between subjective and objective sentences within a corpus sourced from news
articles. We formulate the task as a classification problem and fine-tune three pre-trained large language models
(LLMs): GPT2, Qwen, and GPT-Neo. To enhance our predictions, we combine the outputs from multiple models
using a majority voting method. We conducted experiments and evaluated our approach using the CheckThat!
2025 Task 1 dataset. Our results showed that GPT-Neo outperforms the other two models. In the official
competition results, we ranked 18th in the monolingual English category, but our combination method proved to
be more effective than the individual models we employed.
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1. Introduction

Subjectivity detection is a difficult but important task for various applications, including fake news
detection. Even human annotators can find it difficult to reach an agreement when classifying complex
sentences, and the definition of ’subjective’ can vary across domains. Therefore, developing a subjectivity
classification system is both an interesting and significant challenge.

The CLEF-2025 CheckThat! Lab[1][2] Task 1[3][4] invites participants to develop a system that
can "distinguish whether a sentence from a news article expresses the subjective view of the author
behind it or presents an objective view on the covered topic instead". Datasets are available in Arabic,
Bulgarian, English, German, and Italian. Subtask options were monolingual, multilingual, or zero-shot
(tested on unseen languages). We participated in the monolingual English subtask only. We aimed to
utilise open-source Large Language Models (LLMs) to detect subjective claims.

2. Related Work

Previous research on subjectivity detection primarily relied on rule-based templates and patterns
that were bounded by the datasets used, leading to a lack of generalizability [5]. The introduction of
deep-learning models enhanced this generalizability by utilising labelled data to learn models capable
of recognising key features of subjective sentences. Team HYBRINFOX, which won the CLEF 2024
CheckThat! Task 2 on subjectivity detection, leveraged a BERT-based approach, specifically RoBERTa
combined with VAGO, achieving a macro F1 score of 0.74 [6].

Large Language Models (LLMs) can be effectively used for language-based classification tasks [7],
including subjectivity detection [8]. Shokri et al. experimented with GPT-3.5, GPT-4, and Gemini on
three datasets: MPQA [9], News-1 [10], and News-2 [11]. They found that even a zero-shot approach
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performed well at the task, with an average of 0.71, 0.71, and 0.69, respectively across the datasets. LLMs
were also used in the CheckThat! 2024 competition. Team SemanticCuetSync [12] used Llama-3-8b
and achieved a macro F1 score of 0.72 in the Arabic test set and 0.50 in the English test set. Meanwhile,
Team CLaC-2 [13] used Google’s Gemini, alongside prompt engineering, to achieve a macro F1 of 0.45
on the English test set.

Using an ensemble model can yield better results than individual models [14]. Majority voting is
a straightforward technique for classification problems, where individual models classify sentences
independently, and the final prediction is based on the most frequently assigned label [15]. Shokri
et al. [8] used this technique to enhance their model’s performance, achieving a macro F1 of 0.74, an
increase of 0.03 over their best individual model.

3. Methodology

The task of detecting whether a sentence is subjective or objective can be framed as a binary classification
problem. By utilising human-annotated texts, a model can be developed using a supervised learning
technique to classify sentences accordingly.

3.1. LLMs

LLMs are large-scaled, pre-trained neural language models that have emergent abilities that are not
present in smaller models [16]. LLMs can then be fine-tuned for a variety of downstream tasks, including
sentence classification.

In this study, we fine-tune three publicly available LLMs from HuggingFace: GPT2 [17], Qwen2.5 [18,
19], and GPT-Neo [20]. Details of the models can be found in Table 1.

Table 1
Details of the LLMs considered in the experiments and evaluation

Model Parameters Developer Release Year Available at:

GPT2 137M OpenAI 2019 openai-community/gpt2
Qwen2.5 0.5B 494M Alibaba Group 2024 Qwen/Qwen2.5-0.5B
GPT-Neo 1.3B 1.37B EleutherAI 2021 EleutherAI/gpt-neo-1.3B

We anticipate that a fusion model could outperform individual models, so we employed majority
voting as our ensemble technique. Each model provides a prediction label, and the common label across
all three models is used as our final classification.

4. Experiments and Evaluations

In this section, we describe the datasets, evaluate our approach, and discuss the results.

4.1. Dataset

The English language corpus consisted of sentences sourced from news articles [21], along with an ID
and a label: “OBJ" for objective and “SUBJ" for subjective. These had been annotated by humans based
on the following criteria:

“A sentence is subjective if its content is based on or influenced by personal feelings, tastes,
or opinions. Otherwise, the sentence is objective." [22]

Table 2 provides a breakdown of all datasets. The training dataset and both testing datasets are
imbalanced towards objective sentences. This is expected given the data source, as news articles are
typically presented as an objective recounting of events. No augmentation was applied to the training
set, as initial experiments demonstrated that the model performed well despite the imbalance.

https://huggingface.co/openai-community/gpt2
https://huggingface.co/Qwen/Qwen2.5-0.5B
https://huggingface.co/EleutherAI/gpt-neo-1.3B


Table 2
Statistics of the train, Dev, Dev-Test, and Test datasets

Dataset Objective (%) Subjective (%) Total

Train 532 (64%) 298 (36%) 830
Dev 222 (48%) 240 (52%) 462
Dev-Test 362 (75%) 122 (25%) 484
Test 215 (72%) 85 (28%) 300

4.2. Experimental settings

We fine-tune the LLMs listed in Table 1 on the training data for 100 epochs using AutoModelForSe-
quenceClassification and evaluated using the development set. Due to size constraints, both Qwen and
GPT-Neo were trained using a parameter-efficient fine-tuning method called LoRA [23]. The training
was conducted on an NVIDIA GeForce RTX 2080 Super with 8 GB GPU memory.

4.3. Results and Discussions

Performance on Development Test Set: Table 3 shows our results for each model, including the
final combined model. The baseline was a logistic regressor trained on a multilingual SentenceBERT
model, as provided by competition organisers. In the development test data, GPT2 achieved higher F1
scores for both macro (0.75) and subjective (0.62) metrics. However, the combined model demonstrated
an equal accuracy of 0.81 and outperformed all other models for the objective class with an F1 of 0.88.

Table 3
Performance of models on the Dev-Test dataset showing F1, Precision, Recall and Accuracy.

Model
Macro Subjective Objective

Accuracy
F1 P R F1 P R F1 P R

Baseline 0.63 0.63 0.63 0.45 0.45 0.45 0.81 0.81 0.81 0.72
GPT2 0.75 0.75 0.74 0.62 0.63 0.61 0.87 0.87 0.88 0.81
Qwen2.5 0.61 0.65 0.60 0.37 0.51 0.30 0.84 0.79 0.90 0.75
GPT-Neo 0.67 0.73 0.65 0.48 0.65 0.38 0.87 0.82 0.93 0.79
Combined 0.69 0.77 0.67 0.51 0.72 0.39 0.88 0.82 0.95 0.81

Performance on Test Set: Given GPT2’s performance on the development test data, we decided to
submit it as our final run for the competition. On the test data, GPT2 achieved an F1 of 0.67, placing
18th overall.

Table 4
Official performance at CLEF 2025 Subjectivity track. Macro f1 results for the test dataset comparing our
approach (NapierNLP) with the top three teams.

Position Team Macro F1

1 msmadi 0.8052
2 kishan_g 0.7955
3 CEA-LIST 0.7739

...
18 NapierNLP 0.6724

...
- Baseline 0.5370

The results of all four models on the test data can be seen in Table 5. Among the three individual
models, GPT-Neo performed the best, matching the combined model with a macro F1 score of 0.72.



Notably, unlike the results on the development test data, GPT-Neo outperformed GPT2 in the subjective
F1 score, achieving 0.61 compared to GPT2’s 0.56. Qwen performed the worst, scoring the lowest across
all tests. This lower performance is likely due to insufficient training time, as it was trained for 100
epochs, achieving a macro F1 of 0.92 on the training set, compared to F1 of 1.00 for both GPT2 and
GPT-Neo.

Table 5
Performance of models on the test dataset in terms of F1, Precision, Recall, and Accuracy.

Model
Macro Subjective Objective

Accuracy
F1 P R F1 P R F1 P R

Baseline 0.53 0.54 0.55 0.41 0.33 0.52 0.66 0.76 0.59 0.57
GPT2 0.67 0.67 0.69 0.56 0.50 0.64 0.79 0.84 0.74 0.71
Qwen2.5 0.64 0.64 0.65 0.51 0.47 0.55 0.78 0.81 0.75 0.69
GPT-Neo 0.72 0.72 0.73 0.61 0.59 0.64 0.84 0.85 0.82 0.77
Combined 0.72 0.71 0.73 0.61 0.57 0.66 0.83 0.86 0.80 0.76

4.4. Failure Analysis

Figure 1 shows the confusion matrices for all four models on the test data. As anticipated, all models
demonstrated better performance in classifying objective sentences, which may be attributed to the
imbalance in both the training and testing datasets. However, the combined model obtained the highest
number of true positives for the subjective class.

Figure 1: Confusion Matrices for each model comparing the predicted label to the gold-standard True label



Each of the three individual models correctly identified some instances that the others failed to
classify accurately, ultimately contributing to incorrect final labels. Among the 72 errors in the final
combined model, 24 sentences were misclassified by all three models, with an equal distribution between
subjective and objective categories.

Table 6
Examples of the test sentences and their gold standard labels compared to each of the model’s outputs. Objective
prediction is coloured blue and subjective prediction is red.

# Sentence Gold Combined GPT2 Qwen2.5 GPT-Neo

1 Years later, in Korea, I was much happier, but I still
wanted to drown out the reality of the $60,000 of
student loans I felt like I was spending a lifetime
paying off and my feelings of impostor syndrome.

OBJ SUBJ OBJ SUBJ SUBJ

2 Despite the hardships, however, revolutionary op-
timism was palpable.

OBJ SUBJ SUBJ SUBJ OBJ

3 The chancellor asserts, but can’t possibly be confi-
dent, that planes will be landing on a third runway
by 2035.

SUBJ OBJ OBJ OBJ OBJ

4 The reality is that Labour’s wider agenda does not
support the broad-based growth that would truly
produce those improvements.

SUBJ SUBJ SUBJ SUBJ SUBJ

5 Speaking delegates condemned imperialists and
warmongers, and shared tales of national struggles
and workplace victories.

OBJ OBJ SUBJ OBJ OBJ

6 It must look elsewhere to make up for lost Russian
gas.

OBJ OBJ OBJ SUBJ OBJ

7 Planning delays, likewise, are the product of auster-
ity and the resulting privatisation and outsourcing
of local government functions.

OBJ OBJ OBJ OBJ SUBJ

8 If investors can be found to stump up that kind of
cash, they will want a return.

OBJ SUBJ SUBJ OBJ SUBJ

9 In a story that has been repeated countless times
across Europe, the right’s failed austerity agenda
has abetted the rise of the far right.

SUBJ OBJ OBJ SUBJ OBJ

10 So they become a different person. OBJ OBJ OBJ OBJ OBJ

For some sentences that were misclassified, the reasoning behind the errors can be identified. For
example, Sentence 3 in Table 6 was incorrectly predicted as objective by all models; however, the phrase
"but can’t possibly be confident" indicates that it is actually subjective. Without this clause, the sentence
could be correctly classified as objective. Similarly, sentences containing first-person pronouns, like
Sentence 1, may have been misclassified because this is a common feature of many subjective sentences.

5. Conclusion

For our approach, we tested three different large language models and employed a majority voting
system to classify sentences as subjective or objective. Our results indicate that even with limited GPU
power, LLMs can effectively determine whether a sentence is subjective or objective. The majority
voting system matched or even outperformed the individual models, suggesting that combining model
outputs can yield more reliable predictions than relying on a single model.

6. Future Work

There are several ways in which this research could be enhanced in future work. Using larger versions of
the models and allowing for longer training times could be feasible with improved GPU resources. This



would also enable us to explore the use of other models, such as Llama [24] or Mistral [25]. Additionally,
we could investigate a prompting approach, either as an alternative to or in conjunction with our
current method.

Another possible idea is to reevaluate how the final results are combined. Whilst majority voting
proved effective for this project, it could become problematic with an even number of models, compli-
cating the task of establishing a majority. Employing other ensemble methods, such as weighted voting
- where the models are assigned weighted on their results- or incorporating a confidence score for each
model could further improve our outcomes.

Declaration on Generative AI

The author(s) have not employed any Generative AI tools.
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