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Project Overview

Transients from ZTF
~ 40,000 objects and ~44 features

Exploratory data analysis
Multiclass supervised classification

Compare the performance of multiple machine learning
models



Data from Zwicky Transient Facility

Observes entire Northern Sky since 2018
Scans every 2 days in the g, r, and i filters
1.2 m Samuel Oschin Schmidt telescope
Magnitude limit: m =20.5

@

Obtained Data for Billions of Sources

Roestel 2021



The Hurd
Da

es of Big

.d

Supervised Machine Learning can
help us analyze our large sample
of data with known classifications
more efficiently, allowing us to
understand our sample even
better

+
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Exploratory Data Analysis: Correlation matrix

The matrix shows the
correlation among the
features

Orange denote strong
correlation, whereas
darker colors denote no
correlation
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Exploratory Data Analysis: Pulsators and Binaries

Lyr
[J

Count Plots for the different classes of pulsators (left panel) and binaries (right panel)



Dealing with Data Imbalances +

+

e Stratified sampling
e Data augmentation techniques
(SMOTE, random sampling )

Dimensionality reduction methods:

e Recursive Feature Elimination
e Principal component analysis (PCA)




Data Imbalance:

Method 1: Random oversampling or undersampling

Oversampling: produce exact (and random) copies of minority data

Predictions

until minority = majority.

Undersampling: randomly remove majority data until majority = minority.
Method 2: SMOTE

Synthetic Minority Oversampling Technique.

Uses k-nearest neighbors to mimic data points in the minority class.

Module(s) used: imblearn.over_sampling.smote, imblearn.oversampling.RandomOverSampler

CR



Dimensionality Reduction Methods:

METHOD 1: Recursive Feature Elimination
Too much data is overwhelming.

Hard to focus on anything.

RFE to the rescue! This process eliminates unnecessary features by taking smaller subsets of features and
applying it to the training data.

Module(s) used: sklearn.feature_selection.RFE, sklearn.ensemble.RandomForestRegressor

CR
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—— Linear Regression

— Random Forest

—— K Neigbor Classifier
Gaussian NB
SVM
Gradient Boosting Classifier

2 4 6
Number of folds

Comparing estimators’ performances

Scoring technique = accuracy

Folds = division of data into n folds
Cross validation score = predictor of
performance.

Winner = GBC and RF

NOTE: Stratified folding!

CR
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Unsupervised learning: TSNE

Perplexity = 30 Perplexity = 50

Perplexity = 100



Random Forest vs XGBoost

Random Forest

<

Fits a certain number of
decision tree classifiers
on various subsamples of
the data

Improve predictive
accuracy and control

overfitting Confusion matrix ( C)

9
Evaluates the accuracy of
the classification
<

C“= number of

XGBoost
&
Implementation of Gradient
Boosting
&

Fit n classes of regression trees
on the negative gradient of the
loss function
&

Allows for optimization of
differentiable loss function

SF



RESULTS

Machine Learning performance: unbalanced case

Confusion matrix XGBoost Confusion matrix Random Forest

Prediétions
Confusion matrix for the XGBoost (left panel) and Random Forest
Classifier (right panel) in the unbalanced case for the binaries

I Y T ' T 21 0 e, ~NANN/ —
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Machine Learning performance: balanced case

Confusion matrix XGBoost Confusion matrix Random Forest

Predictions Predictions

Confusion matrix for the XGBoost (left panel) and the Random Forest
Classifier (right panel) in the balanced case for the binaries classification. In
both cases the test size was 30% The classes are W lJma (0 RS CVn (1)



Machine learning: classification reports

XGBoost report XGBoost report
MAE (Mean-Absolute-Error): 0.04938271604938271 MAE (Mean-Absolute-Error): 0.024679245283018868
MSE (Mean-Squared-Error): 0.070242656449553 MSE (Mean-Squared-Error): 0.039320754716981134
RMSE (RoOot-MSE): 0.2650333119620117 RMSE (Root-MSE): 0.19829461595560566
R2 score: 0.18822588761122128 R2 score: 0.9413230119973818
precision recall fl-score support precision recall fl-score support

0 0.97 0.99 0.98 4425 (0] 1.00 0.95 .97 4494
1 0.70 0.65 0.67 221 1 0.97 1.00 .98 4370
2 0.67 0.04 0.07 52 2 0.98 1.00 .99 4386

accuracy .96 4698 accuracy .98 13250

0
macro avg . . 0.58 4698 macro avg 0.98 : .98 13250
? g 0

weighted avg .95 4698 weighted avg 0.98 . .98 13250
Random Forest report Random Forest report
MAE (Mean-Absolute-Error): 0.04938271604938271 MAE (Mean-Absolute-Error): 0.023169811320754716
MSE (Mean-Squared-Error): 0.070242656449553 MSE (Mean-Squared-Error): 0.03509433962264151
RMSE (RoOt-MSE): 0.2650333119620117 RMSE (Root-MSE): 0.18733483291326658
R2 score: 0.18822588761122128 R2 score: 0.947629943529333
precision recall fl-score support precision recall fl-score support

(0] 0.97 .99 0.98 4425 0] 1.00 0.95 -9Y 4494
1 0.72 .65 0.68 221  § 0.97 1.00 .98 4370
2 1.00 .06 0.11 52 2 0.98 1.00 .99 4386

accuracy .96 4698 accuracy .98 13250
macro avg . . .59 4698 macro avg : : .98 13250
weighted avg - . .96 4698 weighted avg i : .98 13250




Machine Learning performances: scores and
runtimes

Score Runtime Training Runtime Prediction

Model

Random Forest 96.104725 8.162835 0.072484
XGBoost 95.998297 8.334034 0.044336

4. : . : .
SvC 94.870158 4.988982 1.064658 Comparlson of different

KNN 94.061303 0.004444 2.072916 Machine Learning methods
applied for the binaries
classification for the unbalanced
(top panel) and balanced

Model (bottom panel) cases

Score Runtime Training Runtime Prediction

XGBoost 98.264151 8.334034 0.044336

Random Forest 98.249057 22.581923 0.274669




Deep Learning classification

Aim to use the light curves image set
Data preparation
com2p Train set (8K), test set (4K), validation set (2K)

ConvadA . PCA for dimensionality reduction

Dense_1 ° Image resolution 28x28
Training stage
0 iy v

. Dropout

concatenate_1 | Concatenate

o Time consumed for training: 55.541 seconds

Dense_3 | Dense

Dense_4 | Dense

CNINI AvAcAlhi At 11 11~~~ A




CNN report
A Mean-Absolute-Error):
. 1

(1
(»

ean-Squared-Error): 6.17
D L . F RMSE (Root-MSE): ©.4187323004418
eep eammg per ormance R2 score: 0.746722162385355

precision recall fil-score support
Confusion Matrix CNN

.20 : .92 1500
8.24 : .88 1325
.88 - .91 1481

accuracy .90

macro avg
weighted avg .9 .90 .90

CNN report

model loss

binary star

pulsator -

binary star-

Predicted




-CONCLUSIONS & FUTURE WORK

- RESULTS

- Classified the pulsators successfully
using RFE process.

- Classified binaries with different
classification methods — Random
Forest and XGBoost gave the best
results

- The machine learning models
presented worked better than the
CNN

+

- NEXT STEPS
- Need more data for particular
sub-classes of pulsators and binaries
to improve the classification
¥ - Try another data augmentation
technique
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