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Limitations
• Privacy issues
• Availability of data activity for supporting academic
• Lack of academic data integrity

Recommender systems “analyze user profiles, content items, and the connections between them, and try to predict 
future user behavior” (Prekopcsak, 2007, p.8). It has been adopted by many major e-commerce businesses such as 
Amazon, Netflix, and Expedia, and has been widely implemented to predict product and media recommendations, 
making it a key factor in increasing product average order value and the number of items per order.

Types of recommender techniques: (Lu et al. ,2015) 
• Content based 
• Collaborative filtering-based 
• Knowledge-based 
• Hybrid 
• Computational intelligence-based
• Social network-based 
• Context awareness
• Group

Two frequently used recommender techniques:
Collaborative filtering-based: make choices based on the opinions of other people who share similar interests
Content based: pair specific users to library items based on the metadata of the item and what is known about the 
user
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Drawing inspiration from the benefits of a recommender system to business and its success in heightening the 
reliability of recommendations, this project attempted to build optimal collection recommendations with machine-
learning algorithms using Python. The purpose of this project is to help librarians make collection decisions using the 
recommender system. 

One part of the project is the merging of popular titles with reader rating data. New York Times Best Sellers reports 
rankings every week. Rankings reflect unit sales reported on a confidential basis by vendors offering a wide range of 
general interest titles published in the United States.  While New York Times publishes best seller titles based on the 
rates of sales, they do not have any connection to user ratings. By leveraging data from Goodreads, the world’s 
largest site for readers and book recommendations, this project builds a simple recommender system that produces 
New York Times best seller titles that have higher user rating using a matrix factorization based method. 

Another part of the project is to build a recommender system that have the ability to refer selectors to books that 
are similar to a particular title based on similarity scores. Drawing on bibliographic data from highly rated items, the 
recommender system will suggest items with similar features using similarity metrics. The recommender system will 
use machine-learning algorithms not only to simplify collection development for librarians, but will also help end 
users discover more items relevant to their interests. 

Top 10 Highly Rated NYT Bestsellers 
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Bayesian Estimate Recommendation

Collaborative Filtering—Matrix Factorization

Bayesian Estimate Algorithm offers 
generalized recommendations based on item 
popularity score.  The basic idea behind this 
algorithm is that items that are more popular 
and critically acclaimed will have a higher 
probability of being liked by the average 
users.
Weighted Rating (WR) =

R = average for the books (mean) = (rating)
V = number of votes for the books = (votes)
M = minimum votes required to be listed 
C = the mean vote across the whole dataset

Content Based— Book Metadata Similarity Recommendation

Cosine similarity algorithm converts a collection of 
metadata text to a matrix of token counts, then 
calculates the cosine similarity score for each word.
The cosine score can take any value between -1 and 
1. The higher the cosine score, the more similar the 
documents are to each other.

Using Singular-Value Decomposition (SVD), a matrix decomposition method for reducing a matrix in order to make certain 
subsequent matrix calculations simpler.

TF-IDF stands for term frequency-inverse document 
frequency. The TF-IDF weight is a weight often used in 
information retrieval and natural language processing. It 
converts a collection of summary  to a matrix of TF-IDF that 
reflects how important a word is to each summary by giving 
a weight factor (number). 

wi,j is the weight of word I in document j
dfi is the number of documents that contain the term i
N is the total number of documents

The New York Times
Hardcover Fiction Best Sellers (2018)
Weekly best sellers, 15 books each week

Goodreads
Ratings from the most popular 99 reviewers 
Their reviews from 2018

Worldcat
XML files coming from Worldcat services subscriber

Matrix factorization algorithm is a popular collaborative filtering model 
widely adopted in the recommendation field for a long time. Matrix 
factorization is the breaking down of one matrix into matrix of users and 
items. The main idea is to make recommendation in the large 
collaborative sparse matrix through analyzing two small and low-
dimensional matrices, such as reader and books. Matrix factorization 
solves problems by reducing the number of free parameters and by 
fitting these parameters to the data (ratings) that do exist. For example, 
Reader A reads 10 books and reader B reads 15 books. Each one gives 
each book a variety of ratings. Matrix factorization algorithm will 
recommend reader A some titles which haven’t been rated by reader B. 

Content Based— Book Summary TF-IDF Similarity Recommendation

Future use
• Circulation data
• Interlibrary loan data
• Data from libraries and generating cross-library recommendations, especially 

for libraries with similar user profiles.
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