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Methods

e We utilized various classification techniques to build binary classifiers
o Main methods: logistic regression, forward/backward subset selection, LASSO, Ridge Regression, classification tree, random forest, XGBoost,
KNN, Naive Bayes, and SVM with linear, polynomial, and radial kernels
o Vif reduction was used to address multicollinearity within the data for the regression models.
e The highest AUCs are from lasso regression on the full predictor space, boosting, and random forest, which yields 0.934, 0.933, 0.933, respectively.
o LASSO regression is a shrinkage method performing both variable selection and regularization
o Boosting is a family of algorithms that consists of iteratively learning weak classifiers and add them to a final stronger learner
o Random Forest is an ensemble learning model that involves constructing and aggregating multiple decision trees
e We decided to use our LASSO regression model to generate final predictions because it has the greatest AUC.

Introduction

In 1990, the ROSAT X-ray telescope was launched to observe "X-ray
binaries", a class of binary stars that are luminous in X-rays.! While some
X-ray sources have an extended shape—like the expanding gas cloud of a
supernova remnant—most are point-like and thus hard to classify by
visual inspection only. With follow-up observations of the sources with
three other telescopes, including the brightness measurements from the
optical regime by Gaia and SDSS and the infrared measurements by
WISE, it is possible to differentiate the source types.

The goal of our study is to learn a statistical model that takes in
X-ray and brightness measurements of astronomical objects
and produces an accurate classification of quasars and
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Table 2: AUCs for the Models Considered

Figure 2: ROC Curve of LASSO Regression

Conclusions

Figure 3: Lambda of LASSO Regression
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We conclude that we can indeed classify quasars and broad-line active galactic nuclei versus galaxies and narrow-line 1. Comparat, J. et al. 2020,
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active galactic nuclei with relative accuracy. The metric used for determining the optimal model was having the highest (arXiv:1912.03068)
AUC. Using this metric, we found the statistical model that optimally performed this classification was a lasso

regression on the full predictor space, with a misclassification rate of 12%.
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Figure 1: Pairwise Plot of ROSAT data



