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Survey Results





WHAT  MAKES  A  PLAYLIST  GOOD?

Mary

"When it fits a mood; when I

don't feel like skipping tracks;

when it's a collab; when it has a

mix of old and new songs of

similar genre."

Ben

"It has some songs I know and

love, but also helps me

discover new songs. It matches

my mood."

Ray

"When the whole playlist

matches the exact vibe you're

looking for perfectly (pre-game,

90s, gym flow, etc.), but also

has a wide range of artists and

song types."



SURVEY  BREAKDOWN



YOUR  FAVORITE  PART  OF  SPOTIFY?



Strategy



Game Plan

Phase  1

Open the data.

Phase  2

Look at all the

columns. Categorical?

Continuous?

Phase  3

Decide the

dependent variable.

What does success

mean? What is the

success metric? 

Phase  4

Engineer features;

visualize data; look

for relationships;

model.

Phase  5

Insights.



LOTS OF NUMBERS TO CRUNCH

403,366 playlists
403,366 playlists
403,366 playlists
403,366 playlists









STREAMS, STREAM30S,
MONTHLY OWNER
STREAM30S

About user engagement within the
playlist.

DAUS, WAUS, MAUS,
USERS, SKIPPERS

About user engagement on the platform,
and sometimes within the playlist.

TRACKS, LOCAL TRACKS*,
ARTISTS, ALBUMS

Quantitative descriptions of the playlist.
*Local Tracks indicate a known premium
subscription. 

MOODS, TOKENS, GENRES

Qualitative descriptions of the playlist.
Tokens come from the user. Moods &
Genres come from Spotify.

Some Features in the Data



MONTHLY OWNER
STREAM30S

Number of streams over 30 seconds by
playlist owner this month

MAUS
 

Number of Monthly Active Users, i.e. users
with a stream over 30 seconds from
playlist in past month

MONTHLY STREAM30S
 

Number of streams over 30 seconds this
month

STREAMS
 

Number of streams from playlist today

Possible Success Metrics



Success Metric for User Playlist

What  is  success?

When a playlist gets used! The more, the better!

Considerations

There are two types of playlists in the dataset: user-created and Spotify official. 

For this analysis, we'll focus on user-created playlists.

Success  Metric

Number of streams over 30 seconds by playlist owner this month



NATURAL LANGUAGE
SENTIMENT SCORING

Token Sentiment Score, Mood Sentiment
Score (all 3 moods averaged), Token
Sentiment Absolute Value Score
(intensity proxy)

RATIOS

Tracks per Artist (variation), Tracks per
Album, Local-to-Total Tracks Ratio
(discovery), Stream 30s-to-Streams
(quality of time), Stream 30s-to-Monthly
Streams (day-to-month ratio), Monthly
Owner-to-Total Streams (intimacy)

PERSONAL AGGREGATIONS

Token count (effort proxy), Genre count
(variation in playlist), Owner playlist
count 

BINARIES

Owner has multiple playlists, Owner
known to be Premium subscriber

Engineered Features



Data Preparation



GETTING  THE  DATA  READY

Outliers

Spotify official

playlists must be

taken out of the

data. There are

399 of them.

For linear

regression,

consider data

within 3σ.

Dummy

Variables

Computers can't

make sense of

categorical

variables, so they

must be made

binary.

Avoid dummy

variable trap.

Sentiment

Analysis

Python has very

powerful natural

language

processing

libraries, such as

Vader Sentiment.

It can score a

word's positivity.

Look  for  Nulls

Most data

analysis does not

do well with

missing values.

Consider

eliminating the

nulls,

interpolating, or 

mean-fillling. 



ABSOLUTELY  NO  NULLS!



WORD  SENTIMENT  ANALYSIS  

 

Reasonable minds can disagree
on how the Vader Sentiment
engine scores a given word, but,
as we shall see, it becomes very
powerful when analyzing word
aggregations.



MOST  NEGATIVE  TOKEN  COMBOS



MOST  POSITIVE  TOKEN  COMBOS



SCORES  & STREAMS  - NO  CLEAR  TREND



Exploratory Data
Analysis &

Visualization



Playlist Lead Genres



Playlist Lead Moods



Intimacy
 

 

I contend that the proportion of a
playlist's monthly 30+ second
streams that come from YOU
demonstrates the playlists's
intimacy. 



A Holiday Hunch... 

Playlists with 'Holiday' as the Lead
Genre are pretty rare. 158 out of
402,967 user playlists (this
excludes the 399 official Spotify
playlists). 
 
But it sure looks like holiday
playlists get a LOT of streams. I'd
need more data to properly
analyze this. 



Sometimes the
data surprises you 

Unpacking the token data took a
lot of work. But I figured it was
worth it. Why? I thought the more    
'effort' someone put into their
playlist, maybe the longer its
name would be, and then the
more it'd get streamed. Wrong.
The fewer the tokens, the more the
streams!



And still the data
surprises you...
 

I thought the more playlists a user
owned, the more engaged they
would be on the platform, and the
more times they would stream
their playlists. Wrong. It looks like
people who own just one or two
playlists are more focused on
them.



...Having more
than one playlist
was associated
with fewer
streams.

 

 
 
 



...But having
Premium was
associated with
more streams. 

 
 
 

 

 
 
 
 
According to Spotify's website,
loading local tracks onto the
platform is a Premium service.
Thus, whenever a playlist had
local tracks, I coded the owner as
Premium. Note: a Premium user
may also put zero local tracks in a
playlist, so this list isn't exhaustive.



FOCUS ,  INT IMACY ,  AND PERSONAL IZAT ION MAY BE
KEYS TO H IGHLY-PLAYED USER-MADE PLAYL ISTS .

 
THE  MORE NARROWLY TA I LORED THE  PLAYL IST  IS

TO YOU ,  THE  BETTER ,  EVEN I F  THAT MEANS FEWER
PEOPLE  (OTHER THAN YOU) ARE  STREAMING IT .  

Idea 1: Intimacy. 
It's about you. 



Variety is
Important
 

Playlists with three different
genres had more streams than
playlists with just one.



Variety is
Important
 

The more albums in a playlist, the
better.



...But number of
tracks in a playlist
does not seem to
matter as much. 

And this makes sense for our
chosen dependent variable
because each time a song is
played for more than 30s it counts
as a stream, even if it's the same
song played on repeat.



It's variety that's
key. The more
artists, the better
too.

 

 



ALTHOUGH THEME AND GENRE  ARE  IMPORTANT ,
TH IS  MUST NOT COME AT  THE  EXPENSE  OF

PLAYL IST  VAR IETY .  VAR IETY  BOLSTERS THE  USER
DISCOVERY PROCESS .

Idea 2: Variety is key.



Modeling



"Remember that all models
are wrong; the practical
question is how wrong do
they have to be to not be
useful."
GEORGE E.  P.  BOX (1919-2013)

A STATISTICIAN'S PERSPECTIVE • A STATISTICIAN'S PERSPECTIVE • A STA

 STATISTICIAN'S PERSPECTIVE • A STATISTICIAN'S PERSPECTIVE •A STAT









  1.   READ  IN  THE  DATA



  2.   TOKEN  COUNT  (EFFORT  PROXY) 
              FEATURE  ENGINEERING  EXAMPLE



  3.   GENRE  COUNT  (VARIETY  PROXY) 
              FEATURE  ENGINEERING  EXAMPLE



  4.   OWNER  PLAYLIST  COUNT  (ENGAGEMENT) 
              FEATURE  ENGINEERING  EXAMPLE

number of playlists
owned by given user



  5.   % OWNER  STREAMS  (INTIMACY  PROXY) 
              FEATURE  ENGINEERING  EXAMPLE



  6.   SEPARATING  USER-MADE  FROM  

        OFFICIAL  SPOTIFY-MADE  PLAYLISTS
 



  7.   SENDING  THEM  TO  SQL  :)
 



  8.   THIS  IS  HOW  I  READ  SQL  IN  PYTHON!
 



  9.   SET  UP  THE  DUMMY  VARIABLES
         SK-LEARN  AUTOMAGICALLY  HANDLES  THE  DUMMY  VARIABLE  TRAP

 



  10.   SET  UP  POPULATION  SAMPLE
             WWW.SURVEYMONKEY.COM/MP/SAMPLE-SIZE-CALCULATOR/



 11.   CHECK  SAMPLE  FOR  NULLS
 



 12.   REMOVE  OUTLIERS
 



 13.   SPLIT  FEATURES  & INDEPENDENT  VAR.
                 THIS  IS  FOR  INITIAL  EXPLORATION  BEFORE  TRAIN/TEST  SPLIT



 14.   ANY  STATISTICAL  SIGNIFICANCE?
 



 15.   FEATURE  SELECTION
 



 16.   FEATURE  PRUNING
 



 17.   THE  CHOSEN  ONES
 



 18.   TRAIN/TEST  SPLIT
 

sk-learn
coefficients



 19.   MODEL  SCORING  & CROSS-VALIDATION
 



Actual (x axis) vs.

Predicted (y axis) 

Not bad, but gets worse as the
cases get more extreme. This
makes sense because I
eliminated the highest values
from the training set.
 
We may consider focusing the
model on the more common
lower-frequency users.



100-stream level:

 

Actual (x axis) vs.

Predicted (y axis) 

 
 
 
This looks better to me, but there's
always room for improvement.



Plotting the

residuals. 

Again, not bad at first, but gets
worse as the cases get more
extreme. This makes sense
because I eliminated the highest
values from the training set.
 
Just as before, we may consider
focusing the model on the more
common lower-frequency users.



100-stream level:

 

Plotting the

residuals.
 

 
 
 
This looks better to me, but there's
always room for improvement. I
also restricted this to positives
because there can't be a negative
stream count.



So. . .              
what makes a
playlist
successful?



INTIMACY, FOCUS
Pos  Corr:    Owner 's  Proportion  of  Monthly  Streams

Neg  Corr:   Number  of  Playl ists  User  Owns

VARIETY WITHIN THEME
Pos  Corr:   Number  of  Genres  (up  to  3)

Pos  Corr:   Number  of  Albums



Next Steps



Next steps...

Ideas

Bring In Other Types of Machine Learning Models

Get More Spotify Data

Do New Analysis Focusing Only on Spotify-Official Playlists



Thank you!

George  John  Jordan  Thomas  Aquinas  Hayward,  Opt imist


