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Figure 4: The top five ranked movies in five of the 20 user communities extracted from MovieLens with NMF.
The genres of movies as given by MovieLens are in parentheses. Some movies may have more than one genre.

top movies in a given user community are in the same
genre. For example, all the movies in group 8 are action
movies, and all the movies in group 19 are musicals.
We also see movies from the same series in some user
groups— “Austin Powers” in group 5 and “Ace Ventura”
in group 9. More surprisingly, some interesting features
can be observed among movies in the same group, e.g.,
“Pretty Woman”, “Notting Hill”, “Steel Magnolias”,
and “Erin Brockovich” in group 17 all feature Julia
Roberts. The patterns and features extracted by NMF
can be helpful in understanding shared interests of users
and similarities among different items.
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