
DEVELOPING A RESTAURANT RECOMMENDER SYSTEM

We will develop a restaurant recommendation system in Python using Matrix Factorization or Latent Factor
Collaborative Filtering by considering the attributes user Id, business Id, rating and review text. Before we talk about
restaurant recommendation systems, lets understand few.

In this subsection, we present an overview of some basic aspects of group-based recommendation. It is so
convenient to get a list of restaurants that match our preferences without much clicking, comparing, and
browsing through a long list of reviews for each single business. The amount of calories intake per day for
each person is estimated according to age, gender and PAL Physical Activity Level value. Considering further
optimizing of the system, we suggest including more features, such as demographic data of users and geohash
of restaurants, with the hope that more variation could be explained. This is a content-based filtering. These
results are based upon optimal hyperparameters for each model through scikit-optimizer library, which
performs cross-validation to find the best set of parameters. Therefore, finding an ideal restaurant is always a
struggle for newcomers and sometimes even for local people, who are looking for places new and exciting to
go. In addition, manipulating the tags of items for higher inclusiveness and lower overlapping could be useful
in terms of both matching customers with similar tastes and dealing with computational cost. Given their
rising importance in the retail industry, they are undoubtedly one of the more popular topics in Artificial
Intelligence. In relation to the food consumption these days, it is noticeable that there has been an increase of
lifestyle-related illnesses, such as diabetes and obesity, which are the cause of many chronic diseases
Robertson  Here is an introductory article to refresh on some of the basic ideas and jargon on recommender
systems before proceeding. The group recommendation process can be executed in three steps: First, users
with similar preferences will be classified in subgroups. For instance, in the scenario of recommending recipes
to a group of family members, because of the seafood allergy of one family member, recipes including shrimp
or sea-crab might not be recommended to the whole group. Tag Similarity Another great feature from
LightFM is that the estimated item embeddings can actually capture the semantic characteristics of the tags.
We applied TF-IDF instead of binary value for the purpose of promoting core tags over incidental ones, and
giving higher weight to tags that appear less frequently. Users select recipes from the recommendation list and
put them into a shopping basket. For getting a recommendation, each user manually rates the food items of a
specific category e. Weston, J. Multiple trials were run to account for random noises. Each user and each
recipe are modeled by vectors that represent their latent features. In addition, healthy and standard food
databases, which have been extracted from the United States Department of Agriculture 3 USDA , are
incorporated into the knowledge base. This method is useful for cold start new customers scenarios where
limited information of the user or item is known. Precision at k score measures the fraction of known positives
in the first k positions of the recommended list. To do that, we utilized the scikit-optimizer package to search
through a range of values for different hyperparameters and evaluated them on mean AUC score. In the
context of group decision scenarios, the anchoring effect can be controlled by not completely disclosing the
preferences of other group members in early stages of the decision process Felfernig et al. Besides, WARP
makes a larger gradient update if a violating negative example is found at the first try, which indicates that
many negative items are ranked higher than positives items given the current state of the model. In the eighth
step, take the top three predictions, according to the ratings, and merge them with the RBM predictions.
Explanation: For each presented alternative, the user can activate a corresponding explanation to understand
why a specific item has been recommended Felfernig et al. In a menu recommender system, we assume that
there are 5 menus with corresponding information, e. Users, in turn, would be able to enjoy the convenience of
exploring what they potentially like with ease and are often surprised by how good the recommended results
are. There are also Ice cream and Brunch places recommended, which we suspect is either from the
collaborative information or other metadata such as stars and review counts of the restaurant.


