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Abstract. Using complex language models has been a common strategy as personalized news 
recommendation systems are adopted by online news sites more and more. Before the epoch of GPT-3, 
news recommendation systems underwent a progression from rule-based and collaborative filtering 
approaches in the pre-2010s, through the integration of neural networks in the 2010s, to the emergence 
of earlier iterations of large language models like GPT-2 in 2019.  Pre-trained language models have 
ushered in a new era of recommendation paradigms, thanks to the emergence of huge language models 
like GPT-3 and T-5. With its easy-to-use interface, ChatGPT is becoming more and more popular for 
text-based jobs. Focusing on news provider fairness, individualized news recommendations, and fake 
news identification, this study starts an inquiry into ChatGPT's efficacy in news recommendations. We 
acknowledge that ChatGPT's output sensitivity to input phrasing is a limitation, and our goal is to 
investigate these limitations from each angle. We also investigate whether certain prompt formats can 
help to alleviate these constraints or if more research is needed. To go beyond set assessments, we create 
a webpage where ChatGPT's performance on the examined activities and prompts is tracked once a 
week. Through the use of big language models, this work seeks to improve news recommendation 
performance and stimulate more research in this area. 

1 Introduction 
Online news sources like Google News and Microsoft News have drawn individuals looking to consume news 

digitally in our information-rich, modern culture [1]. However, finding information that speaks to their particular 
interests might be extremely difficult for consumers due to the daily flood of fresh news stories [2]. To overcome this 
difficulty, news recommendation systems (RS) become essential instruments that assist readers in finding relevant 
articles to read. Language model techniques such as Gated Recurrent Unit (GRU) [3], Long-Short Term Memory 
(LSTM) [4], Convolutional Neural Networks (CNNs) [5], and attention mechanisms [6] have become popular due to 
the text-rich nature of news articles. These techniques are useful for understanding article content and modeling users' 
interests [7].  

In addition, it has been demonstrated that pre-trained language models and prompt learning strategies work well 
in a variety of language tasks [8], which has led recommendation systems (RS) researchers to approach 
recommendation as a language task to fully utilize these strategies [9]. This research aims to evaluate ChatGPT, a 
well-known language model created by OpenAI, in the context of news RS tasks. Our research focuses on three main 
areas: news provider fairness, false news detection, and personalized news recommendation, in light of ChatGPT's 
achievements in various natural language processing (NLP) tasks and the growing recognition of recommendation as 
a language-related problem. Our objective is to identify constraints in ChatGPT's response generation from each 
viewpoint and investigate the possible efficacy of particular prompt forms or specifications to alleviate these 
constraints. Furthermore, we hope to draw attention to areas that may require additional investigation by future 
researchers, acknowledging that some restrictions would be difficult to overcome with prompt design alone.    
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Additionally, we aim to investigate strategies for enhancing the performance of language models, such as ChatGPT, 
in news recommendation system (RS) tasks. 

The research begins with a related work to lay the groundwork and then moves on to an experiment section that 
details the research design and data collection. The Evaluation Performance section offers the findings, and the 
commentary explains them in the context of the larger research. The conclusion summarizes major findings and 
suggests future study directions.  

2 Related Work 
News Recommendation Many Natural Language Processing (NLP) approaches are used in news recommendation 

systems (RS) nowadays. These techniques include CNNs [5], GRU networks, attention mechanisms [10], and 
denoising auto-encoders [11]. By understanding news content, these methods seek to predict individuals' interests 
based on their reading habits [12, 13]. Personalized recommendations and content comprehension are important, but 
addressing societal concerns related to news RS is just as important. These concerns include user-side fairness [14], 
provider-side fairness [5], filter bubbles, echo chambers [9], the spread of fake news [15], popularity prejudice [1], 
and popularity bias. This study examines ChatGPT's usefulness in mitigating provider bias and fake news issues, in 
addition to assessing its zero-shot performance in personalized recommendation tasks. With the help of this inquiry, 
we hope to shed light on the wider societal ramifications of incorporating ChatGPT into news reporting. 

Pre-trained Language Models Trained on large datasets, pre-trained language models such as BERT [16] and 
GPT [17] have proven adaptable to various downstream tasks. The incorporation of fast learning strategies [3] has 
improved their output even further. This accomplishment has led to a paradigm change in recommendation systems 
(RS), where tasks linked to recommendations are now considered language-related activities. Scholars have proposed 
several tactics, including using textual descriptions to comprehend user behavior and transforming item-based 
recommendations into text-based activities [18]. They have also adopted flexible text-to-text techniques for RS [19], 
converted user behavior into text-based inquiries [20], and investigated tailored prompt learning for transparent 
suggestions [21]. Examining ChatGPT's zero-shot performance in news recommendation tasks, this study leverages 
its advantages as a pre-trained language model. 

ChatGPT With ChatGPT's quick rise to popularity, many studies have examined its features and limitations. 
While Bang et al. [22] undertake a comprehensive technical study, examining ChatGPT's multitasking, multimodal, 
and multilingual applications, Qin et al. [23] test the platform's performance across a range of Natural Language 
Processing (NLP) tasks. Zhou et al. [24] examine the moral implications of ChatGPT use, and Liu et al. [25] provide 
a standard by which to measure ChatGPT's performance in recommendation system (RS) tasks such as rating 
prediction, sequential recommendation, direct recommendation, explanation generation, and review summarization. 
Even though its drawbacks, like bias and the capacity to spread false information, are acknowledged [26], With a 
particular focus on provider bias and fake news identification, our research delves into the societal ramifications of 
using ChatGPT for news recommendation. Our goal is to find possible prompt formats that could allay these worries 
or highlight areas that need more investigation. 

3 ChatGPT Evaluation  
In this section, we will be using zero-shot techniques to evaluate the effectiveness of ChatGPT in providing news 

suggestions. Our focus will be on three crucial tasks: offering personalized recommendations, ensuring impartiality 
among news sources, and verifying the accuracy of the answers provided. To begin with, we will test simple queries 
to identify any limitations in ChatGPT's responses. Based on the results, we will provide further prompts to address 
any shortcomings or highlight the need for additional research when using language models like ChatGPT for news 
recommendations. We have also made our programs and prompts available on a GitHub repository to improve 
reproducibility. For our investigation, we will be using data samples from the Microsoft News Dataset (MIND) [1]. 

4 Experiment 
Experiments are conducted in this part to assess the effectiveness of ChatGPT fine-tuning. The main research 

question that this performance comparison aims to answer is: How much does the performance of ChatGPT under 
zero-shot settings and different baseline models differ from that of ChatGPT that has been fine-tuned? 
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Dataset We use the MIND dataset [1] in the context of our experimental investigations. When considering news 
recommendations in comparison to other domains, there are unique obstacles because news material is dynamic and 
subject to frequent changes [27]. To fully assess the effectiveness of fine-tuning in enhancing the efficiency of news 
recommendations, assessments are carried out methodically over two distinct consumer segments: 

Group 1: This cohort consists of 100 randomly selected customers whose clicked article in the impression 
corresponds to a topic they have previously interacted with, i.e., the clicked article is related to a topic they have 
previously looked at. 

Group 2: This set consists of 100 randomly chosen consumers whose clicked article in the impression is related to 
a different topic than the ones they have already read. 

 
Fig.1. shows example prompts with the system content for both rating and ranking.  

Customers are divided into these two categories to enable a comprehensive investigation of the two aspects of 
news recommendation: tailored recommendations that correspond to specific user preferences and the difficulties of 
providing recommendations that go beyond a user's predetermined preferences. This division strengthens the 
evaluation procedure, which seeks to determine whether using ChatGPT's fine-tuning capabilities may improve news 
recommendation performance in a variety of contexts. 

Baselines The following baseline models are used to compare the performance of ChatGPT after it has been 
adjusted: 

NAML [13]: This model uses multi-view self-attention to represent the features of people and articles. 
LSTUR [7]: By modeling a user's short- and long-term preferences, LSTUR can capture their interests. 
NRMS [28]: Using a multi-head self-attention network, NRMS mimics the features of users and articles. 
Popularity [29]: The most well-liked items are suggested by this baseline. 
Zero-shot: Using ChatGPT's zero-shot features, this baseline suggests the top-𝑘𝑘 articles from the candidate pool. 
Measures In quantitative evaluations, we use Mean Reciprocal Rank (MRR@𝑘𝑘) and top-𝑘𝑘 Normalized Discounted 

Cumulative Gain (NDCG@𝑘𝑘) as measures to assess news recommendation performance. 
Implementation Specifics We utilize ChatGPT, get-3.5-turbo, for both fine-tuning and zero-shot tests to evaluate 

news recommendations. It is important to remember that ChatGPT's output might not always follow the formatting 
specifications while using zero-shot performance. A regeneration strategy is used to guarantee adherence to format 
requirements and meet evaluation criteria. This is producing responses iteratively until the desired format is obtained. 
Furthermore, an extra format requirement is introduced for the rating task in the zero-shot setting, where a variety of 
rating values are anticipated to indicate comparative preferences. This clause tells ChatGPT to forecast different rating 
scores for different applicants. 

In addition, it is important to note that the data samples used for fine-tuning are the same for both ranking and 
rating jobs, but for consumers in Group 1 and Group 2, respectively. Ensuring homogeneity is crucial for ensuring fair 
and significant comparisons. Interestingly, whereas articles from the training set may repeat in the test data set, the 
persons in the training data set do not overlap with those in the test data set. OpenAI uses the size of the fine-tuning 
dataset to automatically compute the fine-tuning epoch and other hyperparameters. Using five different training 
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datasets, we conduct five independent experiments during the fine-tuning process, each with a fixed prompt, fixed 
group assignment, and constant fine-tuning sample size. This methodological approach helps evaluate the robustness 
and dependability of our results. 

5 Evaluations of Performance  
The performance results for several models are shown in Table 1. These results include baseline models, zero-shot 

ChatGPT using news RS ranking and rating tasks, and optimized ChatGPT using the same designed tasks. Different 
assessments are carried out for clients in Groups 1 and 2, resulting in the following findings: 

The first four baselines, which were purposefully trained with a substantially higher number of data samples than 
the fine-tuning sample sizes and placed as performance upper bounds for a more rigorous baseline comparison, show 
no fluctuation. Notably, the popularity baseline turns out to be a strong standard for news recommendation, which is 
consistent with findings from other studies [27, 30]. It consistently performs better than other deep neural-based 
models and zero-shot ChatGPT for both Group 1 and Group 2 users. This is especially noticeable when readers have 
engaged with articles on a variety of subjects. These results highlight how unique news recommendations are, as user 
behavior might not always match personalized recommendations, as seen in other industries like e-commerce [31, 32]. 

 
Table 1. Customer performance for news recommendations. 

ChatGPT performs worse in the zero-shot setting than popularity-based models, which is especially noticeable 
when users' topic interests fluctuate, as Group 2 shows. Using a ranking task formulation, ChatGPT's zero-shot 
performance in this case is not as good as any baseline model. This suggests that ChatGPT is particularly good at 
grasping semantics, mostly by suggesting articles that are similar to ones that users have already read. Nonetheless, 
an interesting finding is that Group 1 and Group 2 consumers' zero-shot performance in the rating job is similar. A 
plausible explanation is that ChatGPT perceives the rating task similarly to sentiment classification in the zero-shot 
configuration, where a rating of 1 denotes strongly negative emotion and a rating of 5 denotes very positive sentiment. 
To verify this theory, we present a prompt that is comparable to the rating task and tells ChatGPT to immediately 
produce relative sentiment scores for candidate articles. Figure 2 shows the resulting zero-shot performance, which is 
viewed as a sentiment classification task. Our results provide empirical support for the theory that ChatGPT views the 
rating job as a type of sentiment classification for candidates in the zero-shot setting. As earlier work has shown, this 
perspective produces substantial zero-shot performance [33]. This view highlights the significance of appropriate 
prompt-based task formulation for fine-tuning ChatGPT for downstream activities, and it also contributes to the 
noteworthy performance shown by Group 2 consumers. 
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Fig. 2. zero-shot performance 

Performance in the fine-tuning setup is significantly better than zero-shot, particularly in Group 1. This 
improvement can be attributed to the fact that fine-tuning allows for more efficient use of location information in 
addition to improving ChatGPT's semantic understanding. No matter where they started in the given candidate list, 
the clicked articles always end up at the top of the created ranking list response once it has been fine-tuned. The model 
can more effectively utilize positional information thanks to this clever positioning. In contrast, the five scores for the 
rating question could show up in different places within the generated responses. Even with the same fine-tuning 
sample sizes, customers in Group 2 see gains from fine-tuning when compared to zero-shot, though not to the same 
extent as in Group 1. A tenable rationale is that, after fine-tuning, ChatGPT frequently suggests articles from a variety 
of subjects. Nonetheless, a number of the suggested candidate articles could satisfy this diversity requirement. Without 
knowing how well-liked these articles are, ChatGPT may choose a random one to satisfy the diversity criteria. On the 
other hand, when applying for the rating job within the fine-tuning configuration—whether it is applied to Group 1 or 
Group 2—performances seem comparable when compared to the zero-shot technique. This resemblance can be 
explained by the fact that the model's capacity to handle numerical comparisons stays largely constant even after fine-
tuning, even though semantic understanding can be improved. Furthermore, unlike the ranking task, the rating task 
does not benefit from the incorporation of positional information from the generated responses during fine-tuning. 
Moreover, the rating prompt requires you to rate each candidate at the same time, which makes the rating task more 
difficult. It's important to remember that various consumers might use the rating scale in different ways, requiring the 
system to pick up on user biases. The finding that ranking performs better than the rating task is consistent with 
previous studies, particularly when contrasting point-wise and list-wise ranking techniques [27]. 

6 Conclusion  
Finally, our thorough analysis of ChatGPT's performance across a variety of activities and customer segments, 

compared to baseline and zero-shot methods, has allowed us to draw important conclusions about how well the model 
performs when fine-tuning news recommendations. By using two separate evaluation groups, Groups 1 and 2, we 
were able to capture the subtle difficulties that come with making recommendations for news—finding a balance 
between making recommendations that are tailored to the interests of the user and figuring out how to suggest content 
that goes beyond their pre-established preferences. 

Our results highlight ChatGPT's advantages and disadvantages in various settings. The performance of ChatGPT 
in the zero-shot configuration showed significant differences when users' topic interests changed, especially in the 
rating job. This highlights the model's natural ability to understand semantics but also highlights the difficulties it has 
in adjusting to changing user preferences. After ChatGPT was fine-tuned, significant gains were observed, particularly 
in Group 1, where the model demonstrated better semantic comprehension and better use of positional information. 
Nonetheless, the evaluation task conducted in the fine-tuning configuration demonstrated fewer significant 
enhancements, suggesting that the model's ability to perform numerical comparisons stays mostly unaltered during 
this procedure. 
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Moreover, the observed differences in performance between the rating and ranking tasks are consistent with 
previous studies, emphasizing the difficulties in simultaneously rating a wide pool of applicants and the inherent 
difficulty in using positional information for the rating prompt. In conclusion, our work sheds insight into the nuances 
of the dynamics involved in fine-tuning ChatGPT for news recommendation, highlighting its strengths and weaknesses 
as well as the significance of task formulation and prompt design. These insights highlight the necessity for a thorough 
assessment of task-specific needs and the changing nature of user preferences, paving the way for well-informed 
judgments when employing ChatGPT in real-world news recommendation systems. 
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