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Introduction  

This paper introduces the process of developing a chatbot recommendation system for 

board game players. The dataset contains data collected from BoardGameGeek, the largest 

online repository of board game information, which consists of data on more than 100,000 games 

as of February 2021. The collected data includes details such as the name of the game, year of 

publication, minimum and maximum recommended number of players, playing time, 

recommended minimum player age, average rating received, BGG rank, average complexity 

value, number of registered BGG owners, mechanics used in the game, and the board game 

domains to which the game belongs. The goal of this research is to develop a tool that provides 

board game recommendations based on factors such as playing time, number of players, or 

theme. These experiments focus on enhancing the chatbot to ensure it is accessible and useful for 

players of all levels and serve as a comprehensive guide for both board game enthusiasts and 

those who are new to board games. 

Research Design and Modeling Methods 

Cleaning: 

 Using Python, I cleaned the dataset by removing columns that were unnecessary for the 

analysis, such as "ID" and "Users Rated." Next, I removed outliers based on the number of 

owned users. The 25th percentile for owned users is 146, which I considered a threshold for 

identifying unpopular games, especially when compared to the mean of 1,408 owned users. I 

dropped games with fewer than 146 owned users. 

Then, I examined the descriptive statistics and noticed that the maximum value for play 

time was 6,000 minutes. To investigate further, I created a boxplot of the data. Based on the 

boxplot, I decided to drop rows with play times exceeding 1,000 minutes, as they appeared to be 
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extreme outliers. Finally, I addressed missing data by dropping rows with null values and 

removed duplicate entries from the data frame.  

To enrich the dataset even further, I added a new column containing board game 

summaries. Initially, I attempted to scrape summaries from Wikipedia. While this approach 

provided meaningful text for some games, many entries resulted in "No data found" due to 

missing or mismatched game pages. To gain more information, I expanded the scraping process 

to include a fallback to Google Search, which retrieved snippets for games not found on 

Wikipedia. Despite this enhancement, many rows still lacked sufficient data. Finally, I focused 

solely on scraping from BoardGameGeek(BGG). This approach provided the most relevant and 

structured summaries for most of the games and significantly improved the completeness and 

quality of the dataset. Some rows still contained missing data, but overall, I was satisfied with 

the results. 

After cleaning the original dataset and adding an extra column with more textual data, I 

used ChatGPT to generate text summaries for each game based on all its columns. For example, 

the summary for 7 Wonders Duel reads: “The game is called 7 Wonders Duel. It features 

mechanics such as Card Drafting, Drafting, Set Collection, Sudden Death Ending, and Tug of 

War. The game belongs to the domains of Strategy Games. It is designed for a playtime of 30 

minutes. The recommended minimum age for players is 10 years, and it supports 2 players. The 

game is ranked 17 on BoardGameGeek”. 

Chatbot Development: 

Using the cleaned dataset, I decided to develop, compare, and contrast two different 

chatbot models. The first approach uses Llama Index and OpenAI’s GPT API to implement a 

semantic search-based chatbot. Each board game summary was transformed 
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into Document objects, which are indexed using Llama Index's VectorStoreIndex. This index 

supports efficient semantic querying by converting text into vector embeddings that capture the 

contextual meaning of words. The queries are passed to OpenAI's GPT API, which generates 

high-quality natural language responses. This cloud-based approach is easy to scale and uses 

GPT models' advanced training to deliver clear, context-aware responses. 

The second approach takes a local deployment strategy and combines text preprocessing 

techniques from the Natural Language Toolkit (NLTK) with Hugging Face’s Llama 2 model for 

response generation. The dataset undergoes preprocessing, including tokenization, 

lemmatization, stopword removal, and TF-IDF vectorization to identify relevant sections of text 

for user queries. A similarity-based retrieval system matches user input with the most relevant 

summaries, calculated using cosine similarity on TF-IDF vectors. The Llama 2 model, 

downloaded and deployed locally using the llama-cpp-python library, then generates responses 

by augmenting the retrieved context.  

Results 

 To evaluate the two approaches, I asked both models five different questions. In terms of 

detail, ChatGPT provided concise and straightforward responses, but these responses often 

lacked depth. For example, as shown in Figure 3, ChatGPT’s answer to “Tell me about Catan” 

was significantly shorter compared to Llama 2’s more detailed response. Similarly, in Figure 5, 

ChatGPT’s reply to the prompt, “I want to play a cooperative game with 5 players, and we only 

have one hour,” consisted of a single sentence, whereas Llama 2 provided a more 

comprehensive, paragraph-long explanation.  

 These succinct responses resulted in ChatGPT offering a single suggestion per query, 

whereas Llama 2 provided multiple recommendations and a variety of games. For example, in 
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Figure 1, the prompt “Can you recommend a highly rated family game for 4 people that is less 

than 30 minutes?” was met with ChatGPT suggesting only one game, while Llama 2 

recommended several board game options, including Ticket to Ride, Carcassonne, and Sushi 

Go!. 

 Regarding the accuracy of recommendations, ChatGPT sometimes provided suggestions 

that did not align with the query's constraints. For instance, in Figure 1, the prompt “Can you 

recommend a highly rated family game for 4 people that is less than 30 minutes?” was answered 

with “Famiglia, which is a highly rated game but designed for only 2 players”, which failed to 

meet the specified requirement for 4 players. Another example of inaccurate recommendations is 

seen in response to the question, “Can you recommend an abstract game with high ratings?” 

ChatGPT suggested High-Bid, a board game with a relatively low rating of 5.78, which is not a 

strong contender for a highly rated abstract game. Furthermore, it classified the game under the 

domain of Strategy Games, which does not directly address the query for an abstract game.  

Llama 2 provided more relevant and detailed recommendations and offered multiple 

options along with additional context. For example, in response to the question, “I want to play a 

cooperative game with 5 players, and we only have one hour,” Llama 2 recommended Pandemic. 

It explained that, “Pandemic is a cooperative game where players work together to stop the 

spread of diseases and save the world. Although it is designed for 2-4 players, it can 

accommodate 5 players with slight modifications. The game has an estimated play time of 45-60 

minutes, which fits the specified time frame.” Furthermore, Llama 2 highlighted 

that Pandemic encourages teamwork and communication, which makes it a great choice for 

fostering a sense of camaraderie among players.  
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Analysis and Interpretation  

 In terms of the depth and detail of the responses, the variety of board game options 

provided, and the relevance of recommendations, Llama 2 significantly outperformed ChatGPT. 

Several factors may have contributed to this disparity. First, the difference in response quality 

suggests that ChatGPT may have gaps or rely on older data in its training corpus. In contrast, 

Llama 2’s training likely included exposure to more recent and comprehensive datasets that 

encompasses board game ratings, mechanics, and community preferences. This broader 

knowledge base may have enhanced its ability to provide accurate and contextually appropriate 

recommendations. 

Another contributing factor is Llama 2’s compatibility with tools like TF-IDF, which 

allows it to effectively prioritize relevant information and integrate it into responses. This 

capability enables Llama 2 to provide multiple recommendations or elaborate on topics when 

necessary. For instance, in the family game query, Llama 2 not only suggested multiple games 

but also provided additional details about their gameplay. 

Third, Llama 2’s architecture is especially well-suited for open-ended and contextual 

queries since it is designed to process multiple pieces of information and synthesize them into a 

coherent and detailed narrative. This capability allows it to generate paragraph-long responses 

that provide substantial depth and context. In contrast, ChatGPT is effective at handling simpler 

prompts but tends to prioritize speed, which leads to sacrificing depth and relevance in its 

responses. 

Overall, Llama 2’s superior performance is attributed to its broader and more recent 

training data, ability to synthesize detailed and relevant responses, and advanced architecture. It 

excels in tasks that require contextual understanding, domain expertise, and engaging 
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explanations. This makes it a more effective tool for generating recommendations tailored to 

complex user queries. 

Conclusions 

This research highlights the development and evaluation of two chatbot models designed 

to recommend board games based on user preferences. Through a detailed comparison, Llama 2 

demonstrated superior performance over ChatGPT in providing accurate, detailed, and 

contextually relevant recommendations. Llama 2’s broader and more recent training data, 

integration with tools like TF-IDF for prioritizing information, and advanced architecture make it 

better suited for handling complex, open-ended queries. These strengths allow Llama 2 to 

generate detailed explanations and offer multiple relevant options which makes it a more 

effective and user-friendly tool for both experienced board game enthusiasts and new players 

alike. 

Directions for future work 

Future work should focus on addressing the missing data in board game summaries by 

developing more robust web scraping techniques. Another potential approach could involve 

using natural language generation models to create summaries based on available metadata for 

games with incomplete information. In addition, the data cleaning process can be further refined. 

While the final dataset contained over 8,000 games, its relevance and usability could be 

enhanced by filtering out games that are outdated or lack significant popularity. This additional 

filtering would reduce the dataset size, streamline performance, and improve the overall user 

experience by ensuring that recommendations focus on contemporary and widely played games. 

Finally, incorporating advanced preprocessing methods or domain-specific feature engineering 

could further optimize the chatbot’s recommendation capabilities. 
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Figure 3. 
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Figure 4. 
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