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Introduction

e Songs can be broken down into quantifiable harmonic patterns

e Mapping these harmonic features to markers of cultural relevance are useful
for those (such as streaming platforms) who wish to better recommend songs
to individuals

e Weaimed to determine whether harmonic "fingerprints" can accurately
classify songs by genre, decade, and popularity
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Dataset Curation and Cleaning

Chordonomicon Dataset: 680,000 chord-annotated songs
sourced from users on UltimateGuitar.com with other
identifying information including release date, genre and
artist name.

Data Cleaning Process:

e Used artist variable to merge song popularity
measures from Billboard

e Eliminated entries missing target values and
restricted dataset to songs released after 1950 and
having greater than 5 chords in the progression

e Reducedfrom 679,807—300,713 entries

e 85-15test-train split




Summary of training data before featurization

Raw features: Chords (string), 253,666 chord progressions well
e Eg. ‘Gmin,Ab,Cmin,Bb,Emin,F, Amin,G’ s
Target variables: ] L
e Decade (categorical), 8 decades in the range of T — |
1950’s-2020’s T o oo el e e o
e Genre (categorical), 12 genres classified as “main”
genres
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e Hot 100 popularity (binary), indicates whether of nrot ™
a song has ever appeared on the Billboard Hot 100 | o

000000

00000

00000




Turning chords into features

e Inwestern music theory, a chord is a subset of the
notes from the 12TET scale

e Chords are stored as length 12 binary vectors,
indexed with the first entry corresponding to C

e Thedataset contained adictionary for
string->vector conversion

e From chord sequences, we extracted various
features 1 1
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C major:| [1,0,0,0,1,0,0,1,0,0,0,0]
D minor: [0,0,1,0,0,1,0,0




Turning chords into features
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e N-gram features
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contains_x - around 100 binary features of the form “contains_x", where x is a chord
sequence of length 3,4, 0r 5

e Holistic features
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missing_notes - counting notes not used by any chord

drone_ratio - measure of how close a songis to having a single note played throughout
average_overlap - Note overlap between sequential chords (e.g. overlap for “C,Amin” is 2,
as C and A minor share the notes E and C)

average_overlap[n] - similarities between a chord and the chord n after it, averaged over
all possible such pairs in a song, for n€{2,3,4,5}

maj_triad_ratio - fraction of chords in a song that are major triads

min_triad_ratio - fraction of chords in a song that are minor triads

unique_chord_density - distinct chords divided by total number of chords
unique_5_gram_density - distinct 5-grams divided by the total number of chords



feature

Feature Selection

e Lasso(L1) Regularization (5 Folds): ranks features by shrinking less important coefficients to zero
e Variance Threshold: removes features with little variation
e Multicollinearity Check: identifies and drops highly correlated features

Top 20 Feature Importances - decade (Lasso L1, 5-fold CV) Top 20 Feature Importances - main_genre (Lasso L1, 5-fold CV)

average_4overlap average_4overlap
min_triad_ratio min_triad_ratio
average_2overlap average_overlap
contains_G,C,G average_3overlap
average_overlap unique_S5gram_density
drone_ratio maj_triad_ratio
unique_chord_density average_2overlap
contains_F,G,Amin average_Soverlap
contains_F,Amin,G unique_chord_density
contains_G,Amin,F g drone_ratio
average_3overlap E contains_Amin,D,G
contains_Emin,C,G contains_C,D,G
unique_S5gram_density contains_G,C,G
maj_triad_ratio contains_Emin,C,G
contains_Amin,G,F contains_G,Amin,F
contains_C,D,G contains_C,G,D

average_5overlap contains_F,G,Amin ]
contains_G,C,Emin contains_C,G,Amin
contains_G,D,Amin contains_C,G,D,C,G
contains_D,C,G,D,C contains_G,D,C

0.0 02 04 06 08 10 12 14 16 0.0 05 10 15 20 25 30 35
Absolute Coefficient Sum Absolute Coefficient Sum

Top 20 features for predicting Decade and Genre using Lasso (L1) Regularization 7



Modeling

Model Options for categorical targets:

Base model: sklearn Dummy Classifier (most frequent)
Logistic Regression

Lasso (Logistic Regression with L1 penalty)

Random Forest Classifier

XGBoost Classifier

Single Tree from Random Forest

maj_triad_ratio <= 0.264
ini = 0.5

samples = 190433
value = [150935.0, 150471.0]
class = 0.0

True
average_2overlap <= 1.992 average_overlap <= 0.968
samples = 18680 samples = 171753
value = [12269, 17285] value = [138666, 133186]
class = 1.0 class = 0.0
average_overlap <= 0.582 average_2overlap <= 2.974 drone_ratio <= 0.527 maj_triad_ratio <= 0.474
gini = 0.499 ini = gini = 0.5
samples = 9987 samples = 8693 pl samples = 86704
value = [7589, 8292] value = [4680, 8993] value = [71976, 62404] value = [66690, 70782]
class = 1.0 ass = 1. class = 0.0 class = 1.0

ARN

average_2overlap <= 0.861| drone_ratio <= 0.665 unique_5gram_density <= 0.20]contains_C,0,G <= 0.5| [drone_ratio <= 0.403[unique_5gram_density <= 0.q maj_triad_ratio <= 0.4{unique_5gram_density <= 0.168
ini = 0.455 ni = 0.493 ini = 0.472 ni = 0.393 gini = 0.499 ini = 0.496 ini = 0.497 qini = 0.499
3126 samples = 13525 sample: 73179

gi

=
8209 samples = 5684 samples = 300

samples = 1778 sample 01 samples = 11923 samples
value = [1836, 991] value = [5753.0, 7301.| value = [3405.0, 5521.0] value = [1275, 3472] value = [8924, 9855] value = [63052, 52549] value = [11499, 9834| value = [55191, 60948]
class = 0.0 class = 1.0 class = 1.0 class = 1.0 class = 1.0 class = 0.0 class = 0.0 class = 1.0
o EELE gini=04 gm=0] gini gini = 0.392] gini =0, gini = gini = gini = 0| gini gini = gini = 0.5
samples =| sample: samples = | samples=| samples =| samples = 301 samplesS samples =| samples{ samples=| samples=1| samples| samplesd samples = 56135
value = [113q value = [{value = [1903.|value = [385(value = [81qvalue = [259|value = [1269, 3} value = [246.{ value = [867|value = [23| value = [606 value = [1073dvalue = [7|value = [102|value = 44989, 44033]
class=0| class class = class = class = class = class = 1.0 class = class = class o class =| class = 0| class o class o class = 0.0




Confusion Matrix - Random Forest
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Modeling - Hot 100 o

Model comparison (5-fold cross validation) with logistic, lasso, and
random forest
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- Training data oversampled to address class imbalance 7500
- Random forest was best (accuracy =0.72, F1 = 0.69) o e 0 - 5000
- Hyperparameter grid search found optimal param combination, -2500
max_depth limited to 10 to avoid overfitting . :
- Features limited to top 7 for simplicity (5 holistic, 2 n-gram) Predicted
- Decades limited to 1990s-2020s " Final Model Test Performance
Final performance:
- Random forest still best (Uniform dummy = 50%,
RF = 80%)
- High accuracy, poor F1 score due to low precision i
(many false positives) B
- = il

e ol est
o ces cred® [\ W 2000™ ¥
W\ o = W

109! \ @



Modeling - Decade

e Tested random forest, logistic regression and XGBoost with 5-fold
stratified cross validation with hyperparameter tuning
Tested on 20 most-important features determined by lasso
Tested against baseline which predicts the most frequent decade
e All models performed negligibly better than the baseline
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Best-performing model:

XGBoost with 50 estimators and max depth of 4

Average out-of-fold accuracy of baseline model: 0.4269
Average-out-of-fold accuracy of best-performing model: 0.4341
Test accuracy of best-performing model: 0.4354
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baseline logistic lasso random forest xgboost
Model




Modeling - Genre

Our best model for genre: random forest utilizing 8 holistic features below
maj_triad_ratio, min_triad_ratio, unique_chord_density, drone_ratio, and average_Noverlap for N=2,3,4,5

This model still only performs marginally better than a “most frequent” dummy classifier.
Dummy 24.1% accuracy

Random forest 28.46% accuracy

Accuracy across genre models

0.3
Also considered: logistic + lasso regressions

Also considered: n-gram features
We were very hopeful that n-gram features would be

useful to predicting genre, but they did not end up being
usefully predictive. 0.4

0.2

0.0
Dummy baseline Logistic regression Lasso regression Random forest

B 4-gramfeatures [ Holistic features



