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Figure 11 Attraction details page
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A Python-Based Tourist Attraction Recommendation System

Wu Yutong!?

1. School of Intelligent Manufacturing, Jiangsu Normal University, Xuzhou 221116
2. Sino-Russian Institute, Jiangsu Normal University, Xuzhou 221116

To reduce the cost of information filtering for users on travel information platforms and address the
issues of inadequate personalized recommendations and inefficient itinerary planning, this paper designs and
implements a travel attraction recommendation system based on Python and Django. The system uses
Requests and BeautifulSoup4 to crawl data on attractions and restaurants from Ctrip, obtaining a total of 8,959
attractions and 2,678 restaurants. It employs an item-based collaborative filtering algorithm (ItemCF),
integrating behavioral weights such as favorites, likes, ratings, adding to itineraries, and “not interested,” while
using a popular attractions strategy to mitigate cold-start issues and a lack of candidates. Additionally, the
system integrates DeepSeek, Baidu Maps, and OpenWeather to enable intelligent Q&A, itinerary planning,
map display, and weather queries. Testing shows that the system’s core functions operate stably, with Al
itinerary planning response times not exceeding 3 seconds, meeting the engineering requirements for small- to
medium-sized tourism recommendation systems.

Tourism attraction recommendation system; Python; Collaborative filtering; Web crawler; Large
language model
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