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ABSTRACT

Fake news detection is a highly crucial challenge in Natural Language Processing (NLP), particularly during
significant social events like elections and national crises. This study uses the GPT-3.5-Turbo model to test the
effectiveness of zero-shot and two-shot prompting in detecting fake news on the PolitiFact and Liar datasets. Zero-
shot prompting consists of task instructions without examples, whereas two-shot prompting contains a few task-related
examples. The methodology includes dataset preparation, Large Language Models (LLMs) response collection,
encoding, and evaluation using metrics such as accuracy, precision, recall, and F1-score. The results show that two-
shot prompting increases performance marginally across all parameters when compared to zero-shot prompting.
PolitiFact’s accuracy improved from 0.286 to 0.293, while Liar’s improved from 0.220 to 0.226. Precision, recall,
and F1-score also showed minor gains. However, these advances were not statistically significant and highlight the
model’s difficulty with handling multi-class classification in the political domain. The GPT-3.5-Turbo model
performed better on the PolitiFact dataset, suggesting variability in performance across different datasets. In
conclusion, although two-shot prompting provides a slight advantage, the GPT-3.5-Turbo’s overall performance
remains limited, indicating the need for more sophisticated techniques (such as advanced prompting methods or more
powerful LLMs) to enhance fake news detection.
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1.0 INTRODUCTION

Fake news detection (FND) is a popular domain in NLP and is highly crucial as it can have significant impacts on
society, especially during important events such as elections or national crises. For instance, misinformation in fake
news can sway public opinion during elections and fuel distrust of vaccines, as seen during the recent global COVID-
19 pandemic [1], [2]. Due to the widespread adoption of social platforms for information exchange, even tools
originally designed for academic or workplace collaboration such as blogs or Facebook can shape knowledge
construction and may inadvertently facilitate the spread of misinformation [3].

Traditionally, automated FND research has relied on supervised Machine Learning (ML) or Deep Learning (DL)
algorithms. Despite the modernity of DL approaches, ML methods are still prevalent in FND. Traditional ML models
like Logistic Regression (LR), Random Forest (RF), and XGBoost (XGB) have been evaluated alongside DL models
such as CNN, BILSTM, and BERT [4]. Studies have shown that traditional ML models like Decision Tree, RF and
LR can deliver high accuracy, with Decision Tree reaching 99.38% accuracy in one study [5]. In comparison, another
study [6] found that LSTM models excelled with an average accuracy of 94.21%. The effectiveness of different
algorithms varies based on the dataset and features used. While some research [5] found that simpler algorithms
performed better, others [4], [6] highlight the benefits of advanced DL techniques. These findings suggest that
traditional ML algorithms still hold significant value and produce results comparable to the newer and more powerful
DL algorithms in FND tasks.

In recent years, high demand for Al research has resulted in the development of large language models (LLMs). These
LLMs are trained on significant amounts of web data and are able to generate human-like and high-quality text. The
most popular example of commercial LLMs is ChatGPT which utilizes LLMs from the GPT-series [7], [8], [9].
ChatGPT demonstrates the ability to generate text pertaining to any domain queried by the user. However, the veracity
of the generated text is often inconsistent. Additionally, these recent advancements in LLMs have raised concerns
about their potential to generate fake news content that can be indistinguishable from real news [10].
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Several interrelated concepts regarding LLMs are in-context learning (ICL), zero-shot prompting, and few-shot
prompting. ICL involves the ability of LLMs to learn and perform new tasks based on a few examples or instructions
provided in the input prompt, without the need for additional training or fine-tuning [11], [12]. ICL is in contrast to
standard machine learning (ML) methods, which involve significant training data and fine-tuning for every new task.
Zero-shot prompting is giving the LLM only a written explanation of the task, with no examples [13]. The LLM is
then expected to comprehend the problem and produce relevant results based on its general knowledge and abilities.
In contrast, few-shot prompting involves giving the LLM a number of examples of the desired task along with the
task instructions. The LLM can then use these few samples to better grasp the problem and produce more accurate
results [14]. Research has also suggested that by increasing the number of examples (shots), it could lead to an
increased Theory-of-Mind (ToM) performance in LLMs [11].

Even though LLMs could be used to generate fake news, its vast capabilities could also potentially be used to detecting
them. LLMs have demonstrated a capability for generating factual information. As highlighted by [15], robust
credibility assessment is essential in today’s digital environment. The factual information generated by LLMs can be
used to assess the credibility of news content. Real-world applications include using LLMs to scan articles or social
media posts, extract key claims, and verify them against trusted sources such as established news outlets or fact-
checking services. Another example is chatbots powered by LLMs, which can help clarify news content by explaining
questionable claims, highlighting opposing evidence, and suggesting reliable sources for further verification.
Researchers have explored whether this capability can be leveraged for FND. Research indicates that while LLMs can
provide a multi-perspective approach to FND and expose falsehoods, they may still underperform compared to fine-
tuned smaller language models (SLMs) in terms of carefully deliberating all the information required to reach a
conclusion [16]. Though, this underperformance did not hamper interest in using LLMs for FND research. One
popular approach is prompt-based tuning, which involves designing prompts in a specific way to elicit domain-specific
knowledge from pre-trained LLMSs. For instance, a context-rich prompt-based template can be used to extract targeted
knowledge from pre-trained LLMSs, thereby improving early detection of fake news [14]. This method has also shown
significant improvements in few-shot learning settings, where limited data is available [14]. Additionally, few-shot
learning techniques, like “Prompt-and-Align”, utilize pre-trained LLMs and the structure of social contexts to identify
fake news, even with a limited amount of labelled data [17]. This few-shot approach addresses the issue of label
scarcity by embedding news articles within task-specific textual prompts, allowing the LLM to generate relevant
knowledge for the task [17]. Despite the more popular usage of few-shot methods, zero-shot methods are also
explored. For example, zero-shot methods such as “DetectGPT” [18] utilize the probability function structure of an
LLM to identify machine-generated text such as fake news articles.

As examined in previous works, zero-shot and few-shot styles of prompting have emerged as promising techniques
for detecting fake news using LLMs [14], [19]. Because it needs no additional training, the zero-shot method can
adapt quickly to evolving fake news narratives, making it particularly useful in rapidly changing contexts. In contrast,
the few-shot approach, such as two-shot prompting (where two task-related examples are provided in the input prompt)
can help the LLM better understand the task and improve its performance, especially in cases where the fake news
content follows a more discernible pattern that the zero-shot approach may struggle with.

Comparing zero-shot and few-shot prompting is crucial for helping researchers and practitioners understand the trade-
offs and select the most suitable approach for their specific use cases. Additionally, it can provide valuable insights
on the robustness and generalization capabilities of LLMs when faced with insufficient training data, which is a major
difficulty in the domain of FND. This comparison can also help to create more effective prompting tactics and guide
future research on LLM-based FND systems.

Therefore, this study aims to analyze and compare the performance difference between using zero-shot and few-shot
prompting style in FND. While zero-shot and few-shot prompting have been studied in various NLP tasks, this study
applies these prompting styles to a multi-class fake news detection task using two benchmark datasets. Comparing
zero-shot with two-shot prompting in this specific context reveals subtle nuances in LLM behavior when handling
ambiguous and stylistically diverse fake news. This study employs a pre-trained LLM to detect fake news and
approach it as a text classification problem. The goal is to elicit the inherent knowledge contained within the pre-
trained LLM, which is a residual of its extensive training procedure, and determine if this knowledge is veracious
enough to effectively aid the LLM’s capability for FND. Therefore, the study follows the concepts outlined in [11],
expecting that increasing the number of examples provided in the input prompt enhances the model's rationalization
capabilities and improve classification performance. However, while [11] focuses on answering Theory-of-Mind
questions, this study focuses the LLM on determining the truthfulness of news content.

20 RESEARCH METHODOLOGY
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As discussed, the study aims to investigate whether differences in zero-shot or few-shot prompting styles lead to
noticeable differences in LLM performance in the domain of FND. The study involves collecting LLM responses
from a pair of benchmark datasets related to FND. The response collection is conducted in two settings: first, using a
zero-shot prompting method, and second, using a two-shot prompting method. The scope of the study is as follows:

e Dataset Used: PolitiFact and Liar

e LM Used: GPT-3.5-Turbo

e Prompting Style Tested: Zero-Shot & Two-Shot

e Metric Used for Evaluation: Accuracy, Precision, Recall & F1-Score
The study is conducted in several phases. The research methodology for the study is divided into the following
phases:

e Phase 1: Dataset Preparation

e Phase 2: LLM Response Collection

e Phase 3: LLM Response Encoding

e Phase 4: Evaluation

The following sections of the study will elaborate on each phase involved in its methodology.
2.1  Phase 1: Dataset Preparation
The first phase is the data preparation phase. This phase involves obtaining the dataset that is used in the study. The

main criterion for choosing the dataset is based on their popularity as benchmark datasets for FND tasks. Therefore,
the dataset used for the study is PolitiFact [20] and Liar [21]. These datasets are popular datasets used primarily for

FND in NLP. The details regarding these 2 datasets are outlined in Table 1 and Table 2.

Table 1: The benchmark datasets used in the study

Authors | Dataset Description Number of
Instances
[20] PolitiFact A dataset of high-quality fact-check from the PolitiFact website. 21,152
[21] Liar A collection of 12.8K manually labelled short statements in various 12,836
contexts obtained from the PolitiFact website.
Table 2: Features in the PolitiFact and Liar dataset
Dataset Feature Description
PolitiFact Verdict The verdict of the fact checks in one of 6 categories: true, mostly-true,
half-true, mostly-false, false, pants-fire
Statement originator The person who made the statement.
Statement The fact-checked statement.
Statement date The date the statement was made.
Statement source The source of the statement.
Fact checker The person who fact-checked the statement.
Factcheck date The date when the fact-checked article was published.
Factcheck analysis link The link to the fact-checked analysis article.
Liar Statement ID A unique identifier for the statement.
Label in one of 6 categories: True, Mostly-true, Half-true, Barely-true,
Label ;
False, Pants-fire.
Statement The statement.
Subject(s) The subject(s) of the statement.
Speaker The speaker.
Speaker’s job title The speaker’s job title.
State information The state information.
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Party affiliation The party affiliation.

History of barely true History of barely true counts (including the current statement).

counts
History of false counts History of false counts (including the current statement).
Hlstorzooufntgslf true History of half true counts (including the current statement).
Hlstoryg;urzgstly true History of mostly true counts (including the current statement).

History of ‘pants on
fire’ counts

History of ‘pants on fire’ counts (including the current statement).

While the dataset contains a number of features, the only features that are used for the purposes of this study is the
‘statement’ feature from the PolitiFact and Liar dataset. The GPT-3.5-Turbo model specializes in NLP tasks and does
not require the user to vectorize their text for the model to process or comprehend it. This means the user will be able
to provide the input prompt in natural language as the text processing method is done server-side when the GPT-3.5-
Turbo model is queried via OpenAl’s official Application Programming Interface (API). Furthermore, providing the
statement feature of PolitiFact and Liar to GPT-3.5-Turbo allows it to analyse the style present in the text, which is
one of the most common perspectives to FND [22]. The GPT-series model of which GPT-3.5-Turbo belongs also
demonstrated successful style detection and transfer capabilities [8]. Since LLMs are also able to demonstrate
possession of factual knowledge, this study also incorporates a knowledge-based perspective to FND [22].

After obtaining the datasets, not all instances are used in the LLM response collection phase. Only a specific portion
of each dataset is used for this phase. These portions are referred to as the validation sets. Figure 1 visualizes the
number of data points present in the validation sets of each dataset used in the study compared to the original number
of instances. A major reason for using a smaller sample of the datasets is to save time, reduce API costs, and preserve
computing resources.

25,000
20,000
15,000
10,000
5,000
; [ ] -
PolitiFact Liar
m Original Number of Instances
= Number of Instances used in the Validation Set

Fig. 1: Number of instances used in the validation set.
2.2 Phase 2: LLM Response Collection
The second phase is the LLM Response Collection phase. This phase involves creating 4 separate prompts that is used
to collect LLM responses for the PolitiFact and Liar Dataset in both zero-shot and two-shot settings. The four prompts

are detailed in Table 3.

Table 3. The four prompts used in the study.

Dataset | Category Prompt
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PolitiFact | Zero-shot | Please respond with only one word. Based on your knowledge, classify the following
statement into one of the following 6 classes: True, Mostly-true, Half-true, False, Mostly-
false, Pants-fire. (Statement Placeholder)

Two-shot | 1. Statement: "Doctors and nurses who administer the coronavirus vaccine can be "tried
as war criminals."" Response: Pants-fire

2. Statement: “All the billionaires in America, their net worth combined ... has increased
by $800 billion” during the pandemic." Response: Mostly-true

Based on your knowledge, please classify the following statement into one of the
following categories: True, Mostly-true, Half-true, False, Mostly-false, or Pants-fire.
Provide a one-word response: (Statement Placeholder)

Liar Zero-shot | Please respond with only one word. Based on your knowledge, classify the following
statement into one of the following 6 classes True, Mostly-true, Half-true, Barely-true,
False, or Pants-fire. (Statement Placeholder)

Two-shot | 1. Statement: "Doctors and nurses who administer the coronavirus vaccine can be "tried
as war criminals."" Response: Pants-fire

2. Statement: “All the billionaires in America, their net worth combined ... has increased
by $800 billion” during the pandemic." Response: Mostly-true

Based on your knowledge, please classify the following statement into one of the
following categories: True, Mostly-true, Half-true, Barely-true, False, or Pants-fire.
Provide a one-word response: (Statement Placeholder)

As seen in Table 3, the zero-shot prompts are not provided with any examples, while the two-shot prompts include
two examples. For the two-shot prompts, both examples are identical in the PolitiFact and Liar datasets, but the
prompts ask the LLM to categorize the statements into their respective label sets, similar to the zero-shot prompts.

After preparing the prompts, a Python script was developed to make API requests to the OpenAl API to collect
responses using the GPT-3.5-Turbo model. The script replaces the statement placeholder with each statement and
requests a response from the GPT-3.5-Turbo model. The parameter for the maximum number of tokens returned by
GPT-3.5-Turbo is set to 5 to ensure the responses are constrained to a single word. The requests are done in several
batches and spaced out over several hours to respect OpenAl’s API rate limit. In total, 12,234 API requests were made,
and 12,234 GPT-3.5-Turbo responses were collected. The collected responses are then stored for use in the next phase
of the study.

2.3  Phase 3: LLM Response Encoding

The third phase of the study is LLM response encoding. This phase involves converting the responses generated by
GPT-3.5-Turbo into discrete numerical labels to perform more effective analysis. The generative nature of LLMs
makes them difficult to use for discriminative tasks like FND. Therefore, specific steps must be taken to convert the
text generated by GPT-3.5-Turbo into numerical labels. This allows us to compare the converted labels with the true
labels from the PolitiFact and Liar datasets to properly evaluate the LLM’s performance.
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However, certain steps must be taken first to clean the data of unusable responses. In this study, an unusable response
is defined as one where the response generated by GPT-3.5-Turbo does not belong to exactly one of the classes
specified in the input prompt. Even with an input prompt specifically requesting a one-word reply categorized into six
distinct categories, GPT-3.5-Turbo sometimes fails to follow these instructions, as shown in Table 4. These responses
can sometimes be ambiguous or synonymous with the labels specified in the input prompt. However, since their total
number is negligible (accounting for only 0.29% of the generated responses in the zero-shot setting and 0.48% in the
two-shot setting), they are marked for automated removal later in the encoding process.

Table 4. Sample of unusable responses generated by GPT-3.5-Turbo in this study.

Statement Response
Voted the ‘best specialty plate in America’ Unknown.
Wisconsin "is on pace to double the number of layoffs"” this year. Uncertain
The Supreme Court’s views "are radically out of step with public Subjective
opinion” regarding its decision to legalize same-sex marriage
nationwide.
Rep. Carol Shea-Porter "votes with Nancy Pelosi’s Democrats 95 Misleading
percent of the time," but Frank Guinta "will take on both parties"
and has "independent New Hampshire values.
| represent the fourth-poorest (congressional) district™ in the Unable to answer without additional®
nation.
— Debatable perspe
5w 20 ‘Unable Mis] d Unclﬁear
9.43C K ¢ 1S ea 1Ng 0'*:
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oL 0 © © :
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Scowng ©
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U Em b d 5 Exaggeration
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oo mw@ difficult .
Satire 2 |possiblestatement

Fig. 2: Wordcloud of unusable responses in the zero-shot setting (left) and two-shot setting (right)

In the encoding process, a simple ruleset is used for automatically encoding the responses generated by GPT-3.5-
Turbo. As mentioned earlier, the maximum number of tokens used by GPT-3.5-Turbo in generating its responses is
intentionally limited to 5. This systematically ensures that responses consist of a single word only. Figure 2 shows
two word clouds generated from a combination of all unusable responses in both zero-shot and two-shot settings. As

1 Some responses are deliberately shortened because the max_tokens parameter is set to 5. This means the
API will only return the first 5 tokens.
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seen in Figure 2 and by the last example in Table 4, the intentional limiting of output tokens can produce incomplete
phrases. Figure 3 visualizes the ruleset used for encoding the GPT-3.5-Turbo responses in this study.

GPT-3.5-Turbo
Response

Does the response
contain none of the wanted
labels?

Mark as unusable
Yes—»{response and remove
from the data.

Mark as unusable
Yes—»{response and remove
from the data,

Daoes the response contain
all of the wanted labels?

Does the response contain
only one
of the wanted labels?

Mark as unusable
No—»|response and remove
from the data.

Yes

%

Classify the response
with the appropriate
numerical label.

Fig. 3: The ruleset used for encoding the GPT-3.5-Turbo responses.
The encoded response is then recorded for further evaluation and analysis.

2.4  Phase 4: Evaluation

Evaluation is the final phase of the research methodology. It involves performing comparative analysis on the
performance of the GPT-3.5-Turbo model in zero-shot and two-shot settings for the PolitiFact and Liar dataset. The
four main metrics used to evaluate the performance of the LLM is accuracy, precision, recall and F1-score. Accuracy
is a popular metric used in classification tasks and measures the proportion of correctly classified instances among the
total number of instances evaluated. Another metric used in the study is the F1-score, which is the harmonic mean of
precision and recall. The F1-score provides a balance between these two metrics, and is defined as follows:

Precision - Recall (D)
F1=2- —
Precision + Recall
. TP (2
Precision = m
TP 3
Recall = m

Where TP = True Positives (correctly predicted fake news), FP = False Positives (real news incorrectly predicted as
fake news), and FN = False Negatives (fake news incorrectly predicted as real news). However, since the study
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involves a multi-class aspect of FND, the F1-score calculation in this study involves calculating the score for each
class individually and then taking the arithmetic mean of these class-wise F1 scores.

The F1-score is important because it provides a balanced measure of both precision and recall. A high F1-score ensures
that the LLM can both accurately identify fake news and avoid false positives, which is important for maintaining
public trust and preventing misinformation. Figure 4 illustrates an overview of the research methodology for this study
discussed so far.

Phase 1: Data Preparation Phase 2: LLM Response Collection

GPT-3.5-Turbo Respaonses

PolitiFact-specific PalitiFact-specific
Zero-Shot Prompt Zero-Shot Reponses

A 4

Create a validation
set for PolitiFact
dataset

each instance used in

(3,807 instances)
+ | PolitiFact-specific N PolitiFact-speacific
71 Two-Shot Prompt [ Two-Shot Responses
~ ~
— —
) E—

( api

+ | Liar-specific Zero-

Obtain the PolitiFact
dataset
>
— | Shot Prompt Opendl API
Obtain the Liar Create a validation each instance used in _— {Used to collect
dataset set for IT\ar dataset responses from GPT-3.5-Turbo;
{2,310 instances)

Liar-specific L, | Liar-specific Two-Shot|
Two-Shot Prompt Responses

Liar-specific Zero-
Shot Responses

h 4

Phase 4: Evaluation Phase 3: LLM Response Encoding
PolitiFact-specific PolitiFact-specific
] Zero-Shot {— Zero-Shot Encoded  [#—
Performance Reponses
Create a testing set for —_—— —_——
PolitiFact and Liar PalitiFact-specific PolitiFact-specific
o Two-Shot <L Two-Shot Encoded  [«—
{Used to compare the Performance Responses
real labels with the —_— «
encoded LLM
responses for 3 Larspociic Zoro- L‘grhi‘t’egr‘fc‘z f:';’ ¢
i Shot Performance |
evaluation purposes) Responses Remove Unusable Response &
Encode Responses
According to Defined Rulesets.
» |Liar-specific Two-Shot| Liar-specific Two-Shot| ¢
[ Performance h Encoded Responses

Performance Analysis

Fig. 4: An illustrative overview of the research methodology for this study
3.0 RESULTS

In the final phase of the study, a thorough performance analysis was conducted on the recorded results of the GPT -
3.5-Turbo models in both zero-shot and two-shot settings. The evaluation focused on key metrics, namely accuracy,
precision, recall, and F1-score, to assess the models' effectiveness in classifying data accurately. As stated earlier,
accuracy measures the proportion of correctly classified instances, while the F1-score provides a balanced measure of
precision and recall. Table 5 presents the experimental results across all settings, highlighting the comparative
performance of the models. The findings highlight the importance of these metrics in understanding the strengths and
weaknesses of the models in different scenarios.

Table 5. Performance of GPT-3.5-Turbo on PolitiFact and Liar in zero-shot and two-shot setting.

Dataset Category Accuracy Precision Recall F1-Score
PolitiFact Zero-shot 0.286 0.256 0.222 0.149
Two-shot 0.293 0.271 0.255 0.232
Liar Zero-shot 0.220 0.271 0.209 0.126
Two-shot 0.226 0.240 0.218 0.199

4.0 DISCUSSION
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4.1 Accuracy Analysis

According to Table 5, the accuracy of the LLM was found to be relatively low across both datasets and settings.
However, a slight improvement was noted in the two-shot settings compared to the zero-shot settings. Specifically,
the accuracy for the PolitiFact dataset increased from 0.286 in the zero-shot setting to 0.293 in the two-shot setting,
while the accuracy for the Liar dataset increased from 0.220 to 0.226. These results denote that providing a few
examples helps the model to some extent such as demonstrated in [11], but in the domain of FND, particularly when
utilizing the PolitiFact and Liar dataset, the overall improvement is marginal. This suggests that the LLM struggles
with the complexity of the classification tasks, even with additional context. The LLM also struggles with the style-
based nuances required to differentiate between the six categories of fake news present in both datasets. Furthermore,
it also suggests that the GPT-3.5-Turbo is unable to utilize any inherent factual knowledge to rationalize its
predictions. This may be due to the ambiguous nature of the statements contained in the PolitiFact and Liar dataset,
or it may also be due to the parameters set for the GPT-3.5-Turbo model during the LLM Response Collection Phase.

4.2 Precision, Recall, and F1-Score Analysis

Precision, recall, and F1-score metrics also demonstrated modest improvements in the two-shot settings for both
datasets. For the PolitiFact dataset, precision increased from 0.256 to 0.271, recall from 0.222 to 0.255, and F1-score
from 0.149 to 0.232. The Liar dataset also experienced an increase in recall from 0.209 to 0.218, and F1-score from
0.126 to 0.199. These slight enhancements across the metrics show that the LLM benefits from additional examples
but still faces some challenges. The incremental gains suggest that while two-shot learning provides some additional
context, it is insufficient to significantly improve the LLM’s performance.

4.3 Comparative Analysis Across Datasets

Based on the performance of the two datasets, the GPT-3.5-Turbo model performed better on the PolitiFact dataset
than on the Liar dataset in both settings. This is due to the LLM consistently achieving higher values for accuracy,
precision, recall, and F1-score in the PolitiFact dataset. For example, the F1-score for PolitiFact in the two-shot setting
is 0.232, whereas it is 0.199 in the Liar dataset. This disparity shows that the model may be more adept at handling
the type of data or the specific structure of text present in the PolitiFact dataset. It also shows the variability in LLM
performance across different datasets and how dataset-specific fine-tuning may be important.

4.4 Limitations and Future Implications

In addition to the challenges discussed earlier, human subjectivity in the labeling process of the original datasets, and
the ambiguity and contextual dependence contained in the statements can further complicate classification, which
leads to poor performance by the LLM due to its lack of these additional context. This is because PolitiFact and Liar
are based on political statements, which may evoke certain biases from the human fact-checkers depending on their
political alignment. These biases can introduce noise into the data, potentially hindering the model’s ability to
accurately generalize and classify ambiguous statements. Therefore, the findings of this study may not generalize well
to non-political domains of misinformation, such as health or financial sectors. Addressing these challenges requires
careful data curation and evaluation technigues. Beyond human biases, the low performance may also be influenced
by the task’s inherent subjectivity and the complexity of categorizing multi-class labels. These factors make this study
a practical framework for evaluating the limits of ICL for LLMs in the context of fake news. The marginal performance
gains offer insights into both the limitations and potential of GPT-3.5-Turbo in handling nuanced classification tasks.
However, these improvements were not subjected to statistical significance testing due to the high cost of acquiring a
larger sample size. Consequently, while the marginal gains can be informative, the lack of thorough statistical
validation is a key consideration for future work.

The minor increases in performance from zero-shot to two-shot settings suggest that the GPT-3.5-Turbo model would
benefit from more examples. However, the overall effectiveness of the LLM remains limited in the context of
classifying fake news. While the gains in F1-score are noticeable, they are not significant and indicate the difficulty
for the LLM to balance between accuracy and recall. In the context of multi-class FND, where both false positives
and false negatives can have serious consequences, these measures are critically important. The low F1-scores,
especially in the zero-shot scenarios (0.149 and 0.126 for PolitiFact and Liar respectively) illustrate the difficulty of
achieving this balance. Additionally, the experiment uses only two datasets, both focused on political statements,
which limits the generalizability of the results. This emphasizes the need for further optimization and potentially more
complex methods to enhance the model’s performance.
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5.0 CONCLUSION

In conclusion, this study used the PolitiFact and Liar datasets to examine the effects of zero-shot and two-shot
prompting approaches on the GPT-3.5-Turbo model’s performance in the domain of FND. The study found that
although two-shot prompting outperforms zero-shot prompting in terms of recall, accuracy, precision and F1-score,
the model’s total performance is still limited. The accuracy of the model rose very little in the two-shot setting for
PolitiFact (from 0.286 to 0.293) and Liar (from 0.220 to 0.226). This suggests that providing examples helps the model
to some extent but it still faces challenges with the complexity of the classification tasks inherent in these two datasets.

Additionally, the performance metrics demonstrated marginal gains in accuracy, recall, and F1-score for both datasets
in the two-shot scenarios. Liar’s F1-score rose from 0.126 to 0.199, while PolitiFact’s F1-score went from 0.149 to
0.232. However, these little improvements imply that the extra information that two-shot learning offers is insufficient
to significantly enhance the model’s performance. The low F1-scores emphasize the need for more optimization and
highlight the challenge of achieving a balanced measure of precision and recall in multi-class FND. Overall, these
findings reveal that while the GPT-3.5-Turbo model has some potential, it is still not entirely prepared to handle multi-
class FND. The performance increases due to more context (two-shot learning) are encouraging, but it is not adequate
for serious real-world applications. More research and development are required to rectify this inadequacy.

Future work can explore more advanced prompting methods, such as Chain-of-Thought and Self-Consistency.
Furthermore, increasing the number of shots (for example, five-shot or ten-shot) may provide deeper insights into
model behavior and clarify the point of diminishing returns. Next, conducting a comprehensive error analysis to
understand misclassifications and refining prompts to address ambiguous language and subtle stylistic cues would
also be beneficial. Investigating whether LLMs exhibit biases toward simpler labels (for instance, “True,” “False”)
over compound labels (for example, “Mostly-true”) can be achieved through detailed F1-score analyses of individual
classes. Increasing dataset variety by using additional benchmark datasets like FakeNewsNet or LIAR-PLUS could
further improve performance and enhance robustness. Additionally, exploring more advanced GPT -series variants
(GPT-4, GPT-40, or OpenAl 01) and comparing them with both other LLMs (LLaMA, PaLM, Claude) and traditional
ML methods (LR, RF, XGB) would contextualize the strengths and limitations of GPT-3.5-Turbo. A thorough cost-
benefit analysis is also important to evaluate feasibility at scale and incorporating additional evaluation metrics such
as the Matthews Correlation Coefficient (MCC) and Area Under Curve (AUC) would provide a more robust
performance assessment.
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