
 Recommender Systems are software tools 

and techniques providing suggestions for 

items to be of use to a user.

 Types of recommendation systems:

 Collaborative: 

User Ratings / Usage Patterns

 Content-based: 

Based on content attributes / Builds user profiles

 Hybrid:

Balance of user profiles and collaborative metrics

 Accuracy factors:

 Diversity

 Recommender Persistence

 Privacy

 User Demographics

Why another recommendation system?

Anticipatory recommendation systems are 

gaining usage and popularity from services 

like Amazon, Netflix, Instagram etc. 

New data is added daily and 

understanding individual users’ wants and 

needs create excellent personalized 

suggestions.

However, it is my opinion that 

anticipatory design can possibly lead to a 

restriction of information.

Metrics such as click-through rates 

evaluate effectiveness of a 

recommendation, but without scrutiny it 

may eventually lead to a lower sense of 

connection and a general isolation of user 

exposure to content they may not “like”.

This project was conducted to generate 

an application of the Voronoi diagram and 

other geometric methods to produce a 

way to share recommendations between 

multiple user profiles.

INTRODUCTION GRAPH CONSTRUCTION DEMONSTRATION

 If the user is given this optional feature in 

addition to personalized suggestions I 

believe that this would provide an increase 

in discovery, awareness, connection, and 

research.

 Using a TF-IDF approach to the 

collaborative user ratings and envisioning 

the words “the, a, an” as being trending 

content, we can give higher priority to 

content that is more defining of a user. This 

would allow for a more accurate 

representation of interests.

 There are a countless number of ways of 

displaying data to users, it is my belief that 

there are more areas left to explore…
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DISCUSSION & CONCLUSIONS

 Robustness

 Serendipity

 Trust

 Labelling


Using a dataset consisting of trending videos from Youtube (obtained from 

Kaggle), I wanted to construct a 2D plot of the videos arranged by similarity of 

keywords. The graph would serve as a base for the Voronoi diagram.


After researching methods of achieving this, I found that this would be possible 

with the following steps:

1. Tokenize and stem keywords

2. Corpus to vector space using TF-IDF

3. Cosine distance between each video measuring similarity

4. Cluster videos using k-means algorithm

5. Generate JSON datafile

 Tokenized keywords:

-split standard contractions (don’t -> do n’t, they’ll -> they ‘ll)

-treat punctuation as separate tokens

-split off commas and single quotes when followed by whitespace

-separate periods at the end of the line
 Stemmed keywords:

-objective is to obtain the root word (ex: fisher -> fish, cats -> cat)
 Corpus to vector space:

Corpus before TF-IDF            After TF-IDF
 TF-IDF is Term Frequency–Inverse Document Frequency

Purpose of TF-IDF:
If term frequency counts are (the = 22, a = 18, an = 15), they would have lower                            

priority so that (rap = 5, interscope = 4) would have a higher priority because they 

are  more relevant to the particular item.


Cosine distance between each video:

Now that TF-IDF values are present for each keyword in each video, we can use 

Cosine distance to obtain Cosine similarity, and change the results into Euclidean 

distance using 1-cosine_similarity. This result yields the 2D graph needed.


Cluster videos using k-means algorithm:

To obtain more description about why videos were positioned closer to each 

other, we can use k-means clustering to investigate the most prevalent keywords 

shared within a group of videos used to obtain Cosine distance.

 The original intention when beginning the project was 

to show how the Voronoi diagram could be used to 

find a “middle ground” between two users’ inputs.       

(Ex: user 1 chooses a political video and user 2 

chooses a music video, the path between would be 

relevant to both interests)

 Eventually, I had a notion that this same graph could 

be representative of a shared user profile. Using 

additional methods for generating labelling data, it is 

possible to find similarity in non-similar data.

User 1 User 2
Profile consists 

mainly of: Music 

Videos, Cartoons

Profile consists 

mainly of: Politics, 

Book Reviews

Music Videos + Cartoons + Politics + Book Reviews

 This same concept could be extended to n-users using 

geometric methods such as the centroid of an n-sided 

polygon to determine areas of agreeance.

Blue cell: centroid of top 10 most listened songs

Orange cell: centroid of users preference

Tools used:


