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Goals

• Combine lyrics and audio features for track
classification

• Analyze user-created playlists to detect
features that are shared among all tracks of
a playlist

• Identify key-features that can be useful for
recommendation and retrieval of music

Features

Abstract

In this work we analyze a set of user-created
playlists by extracting lyrics and acoustic
features to identify coherent features within
playlists. We find that audio features act as the
major glue within playlists and lyrics features
are also a powerful means in such a scenario.

Findings

• Audio features are the main glue within
playlists.

• Tracks can be attributed to playlists with an
accuracy of 70% by using audio features.

• Slightly lower results can be obtained by
combining all lyrics features.

Data and Methods

• Crawl of Spotify Streaming Platform

• Lyrics crawled from ten different lyrics
platforms

• Cleaning and preprocessing

• 200,000 Tracks

• 11,500 User Playlists

• 176 Features for each track

• Binary Classification task for tracks

features. Due to space constraints, we provide a detailed overview of all features
in Table 1 and refer the interested reader to the according papers.

Type # Features

Acoustic (AU) 10
danceability, energy, speechiness, liveness, acousticness, valence, tempo,
duration, loudness, instrumentalness

Lexical (LX) 34

bag-of-words* (4), token count, unique token ratios (3), avg. token
length, repeated token ratio, hapax dis-/tris-/legomenon, unique to-
kens/line, avg. tokens/line, line counts (5), words/lines/chars per min.,
punctuation and digit ratios (9), stop words ratio, stop words/line

Linguistic (LI) 39
uncommon words ratios (2), slang words ratio, lemma ratio, Rhyme
Analyzer features (24), echoisms (3), repetitive structures (8)

Semantic (SE) 55
Regressive imagery (RI) conceptual thought features (7), RI emotion
features (7), RI primordial thought features (29), SentiStrength scores
(3), AFINN scores (4), Opinion Lexicon scores, VADER scores (4)

Syntactic (SY) 38
POS bag-of-words*, pronouns frequencies (7), POS frequencies (6), text
chunks (23), past tense ratio

Table 1. Extracted Lyrics Features (# refers to the number of features contained;
bag-of-word features (marked with *) are counted as one feature each, despite that
they amount to hundreds of features depending on the lyrics).

4 Case Study: User Playlist Characteristics

As a first case study based on the ALF-200k dataset, we are interested in finding
features that are shared among tracks within playlists. Therefore, we apply the
following method: for each playlist of size s (i.e., playlists containing s tracks;
starting from s = 2), we add s random tracks that are not contained in the
original playlist. This allows us to evaluate the binary classification performance
by measuring the accuracy at which any given track in the test set was predicted
to be part of the playlist or not. By utilizing 5-fold cross-evaluation, the perfor-
mance of classifiers is measured by computing the average classification accuracy,
averaged across all folds. We rely on a set of standard classification approaches
provided by the Weka framework [16]: BayesNet, Näıve Bayes, KNN, SVM with
di↵erent kernels (linear, C-SVM, nu-SVM), J48 decision trees and PART, uti-
lizing the respective standard parameter configurations.

In a preliminary experiment, we determined the minimum required length of
a playlist to contain enough reasonable data (tracks) and removed all playlists
that do not fulfill the minimum required playlist size (8 tracks), which results in
a dataset comprising 7,903 playlists. For each playlist in the dataset, we apply
a 5-fold cross-validation and measure the prediction accuracy.

Table 2 lists the average accuracies of all individual feature sets and combi-
nations thereof. Being in line with previous findings (e.g., [5]), the best result
is achieved by the SVMs with linear and nu-kernel and reaches 70% by utiliz-
ing only acoustic features (AU), slightly outperforming the set of all available


