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Abstract Recently, due to the rapid increase of pets, there is a need for an integrated pet-related
personalized product recommendation service such as feed recommendation using a health status
check of pets and various collected data. This paper implements a product recommendation system
that can perform various personalized services such as collection, pre-processing, analysis, and
management of pet-related data using big data. First, the sensor information worn by pets, customer
purchase patterns, and SNS information are collected and stored in a database, and a platform capable
of customized personalized recommendation services such as feed production and pet health
management is implemented using statistical analysis. The platform can provide information to
customers by outputting similarity product information about the product to be analyzed and

information, and finally outputting the result of recommendation analysis.
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Fig. 2. Structure of Twitter SNS Collection Process
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Fig. 3. Structure diagram of recommendation
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Table 1. Feed for measuring the similarity of the
recommendation system (example)

ID Name of product ID Name of product
[Pet Botanics]
vi GRAIN-FREE vag | AN LB 28
remium15

Omega-Rich Chicken

[Pet Botanics]
V2 GRAIN-FREE v37

ANF LAMB HOLISTIC

Omega—Rich Salmon MBRLS
ANF Organic
v3 | [NUTRIO] JUNIOR DOG | v38 CHICKEN SB. 6
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