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Abstract

With so many new tools and methods to detect exoplanets, it is time to start determining
which are deserving of more research in the hunt for other habitable planets. We began our
research with exoplanets that are similar to Earth as the most likely to house life. We used transit
measurements such as an exoplanet's size, temperature, and relative distance from its star as well
as machine learning to develop two models: one to predict if an object of interest was an
exoplanet and another to cluster our data to determine its similarity to Earth. We achieved an
88.7% accuracy for the first model, and our clustering algorithm found interesting results when
compared to a graph showing the principal components of the data. We found that our Earth data
point fell right on the origin of our 2 dimensional PCA graph and was placed in our largest
cluster. Both of our models showed that machine learning can be useful in the search for

habitable exoplanets and is deserving of more research.

1. Introduction

With the growing amount of tools to search for exoplanets, the need for efficient research
has become more prevalent. We have data for many potential exoplanets, but going through them
one by one is time consuming. Machine learning is how we can quickly determine which
exoplanets are most likely to be habitable and therefore most warrant further research. We
worked with the TESS Objects of Interest data set from the NASA Exoplanet Archives "', which
consists of numerical and categorical data that stems from transit information. Transit
Photometry is the study of far away planets based on the fluctuations in light coming from the
star it is orbiting’. This data was used to create two supervised machine learning models. The

first was a classification model to determine if the object of interest was an exoplanet by



outputting a true or false label, and the second to cluster the data to determine those most like

Earth.

2. Background
While the hunt for exoplanets is relatively new, multiple methods have been tested in

determining exoplanets and their possible habitability. Past work discussed how the presence of
water could be used to determine if an exoplanet is habitable’. Researchers were able to use
spectroscopy and hypothesized data to determine if an exoplanet had water. While water is an
important feature for a habitable planet, the data they used to train their model was mostly
hypothesized and they were unable to test it due to a lack of data. Past work has also used the
same transit data used in this paper to determine scores for the likeness of an exoplanet to Earth®.
They gave a strong focus to the temperature of the exoplanets as that is something that would
greatly affect the possibility of human life. Our method in determining similarity to Earth differs

in that we included Earth as a row in our dataset and clustered with it.

3. Dataset
The exoplanet dataset used in this work'' includes 5908 objects of interest ranging from
confirmed planets to planetary candidates to false positives. Each object of interest has 65
dimensions including the transit depth, the equilibrium temperature of the object, the radius of its
star in relation to the sun, and more as well as the uncertainties and limits' to the majority of
these measurements.
In our initial cleaning steps, we eliminated all of the columns that were unnecessary for

this project or were solely null values. Columns that were used to title the data and describe the



time at which they were discovered were unnecessary to our purposes. There were also pairs of
columns that included sexigismal time and decimal time. We eliminated the sexigismal time
columns as they were redundant time information. Finally, the columns that only had null values,
which included many of the uncertainty and limit columns, were eliminated. The columns that
had a few null values also had to be dealt with. Objects with null values were eliminated from
the dataset as proper replacements were not apparent. This eliminated 1863 of our 5809 objects.
The only numerical transformation needing to be performed was on our column that described
whether the object was: a known planet, a confirmed planet, a planetary candidate, an ambiguous
planetary candidate, a false positive, or a false alarm. This column became very important for the
Random Forest Classifier discussed in the Methods/Methodology section.

To better visualize our data, we performed a PCA transformation. This reduced our data’s
dimensions with the most important factors being the transit depth and the positive uncertainty of
the transit depth. We color coded the PCA graph based on the classifications, as shown in figure

1, but observed no visible correlation.

PCA of Original Data Colored by Classification

Figure 1: PCA colored by classifications



4. Methodology/Models

We were interested in a two step project. The first part would determine if an object of
interest was a planet or not by splitting the data into trues and falses based on the classifications
given by our dataset. The second part would then cluster the objects with Earth data to determine
those most similar to Earth.

For step one of the project to determine whether or not an object of interest was an
exoplanet, we chose a Random Forest classifier. This classifier works by creating lots of different
decision trees and then averaging their results. To begin, our data was reconfigured to suit our
model. We focused on the points from our dataset that were classified as either “false alarms”
and “false positives”, or “known planets” and “confirmed planets". The objects that were not
classified in any of these categories were omitted for the time being. These points were then
redefined as either true or false. This column of trues and falses became our y values while the
other data became our X set. The data was split 20% for testing vs. 80% for training data.

With our data now split, we moved on to maximizing the accuracy of our Random Forest
Classifier. To tune the hyperparameters of the model, grid searches were performed. As seen in
figure 2, these grid searches were performed for the max depth, random state, and n estimators of
the model. The first instance on each of these graphs in which the accuracy was at its highest
level were chosen to maximize the total accuracy, so the max depth = 13, random state = 8, and n
estimators = 134. We did experiment with both an SVM classifier and a Logistic Regression

model, but a higher accuracy could be achieved with the Random Forest Classifier.
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Figure 2: Grid searches for max_depth, random_state, and n_estimators; For max_depth, random_state and
n_stimators were their defaults of 0 and 100 respectively. For random_state, max_depth = 13 and n_estimators =
100. Finally, for n_estimators, max_depth = 13 and random_state = §

For step 2 of the project, we wanted to cluster the exoplanets to determine the exoplanets

most like Earth. We predicted that the closer an exoplanet’s characteristics were to Earth, the

more likely it would be that said exoplanet could be habitable or able to sustain some sort of life.

To create the dataset for our clustering algorithm, all of the error and lim columns'® from

our data as well as columns like the distance from our planetary system to the exoplanet and the

proper motion of the right ascension of the planet were eliminated. The corresponding data for

Earth was then found and imported into a new row at the end of the dataset.

Once all of the data was organized, we performed a k-means algorithm. We chose to use

5 clusters because it was simple while easy to read and understand. As seen in figure 3, one of

our clusters was far larger than the other. This cluster is the one that Earth was sorted into. This

makes sense as Earth was used as the baseline for many of the measurements'’. A couple of

different cluster amounts were tried, and all of which had one far larger cluster that included

Earth.
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Figure 3: Histogram of the Clustering algorithm. Earth is in the largest column

5. Results and Discussion
As stated earlier, the Random Forest Classifier had the best accuracy of any of the
Classification models that were tried. Figure 4 shows the Confusion Matrix and ROC Curve of
our model. It had an accuracy score of 88.7% and a precision score of 93.4% . The model was
then tested on the undetermined planetary candidates that were separated from the data earlier.
The model predicted that 1044 were planets and that 1548 were not. Scientists who work on
discovering exoplanets could use our model to determine which candidates to start with in their

search.
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Figure 4: Confusion Matrix and ROC Curve for the Random Forest Classifier

To further explore our model, a PCA decomposition was performed on our model which
is pictured in figure 5. The graph was colored based on whether the object of interest was a
planet or not. There was some correlation along the axes of the PCA graph, but the trends were

not particularly distinct.
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Figure 5: PCA graph colored by True or False Classifications



The results from our k-means clustering model were very interesting when used in
relation to their PCA decomposition. These results are pictured in figure 6. There are very
distinct sections on the graph that are color coded by the clusters the points were put in. We can
also see that Earth is very close to where the origin of the PCA graph is. There are two
possibilities to explain this observation. One is that scientists have focused on researching the
objects of interest that appear similar to Earth. There is more data for these types of objects, so

they carry more weight for the PCA. Option number two is that because much of our data is

centered around Earth,'’ it appears near the center of the graph.
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Figure 6: PCA graph colored by cluster

These models are meant to be used in tandem. The first can determine where there are
exoplanets, and the second can determine which planets are the most likely to be habitable.
However, this method is a preliminary exploration into the data and this concept of determining

habitability. Whether the correlations found represent true habitable characteristics has yet to be

determined.



6. Conclusion

In this project, TESS Transit data was used to predict whether or not an object of interest
was a true exoplanet with a Random Forest model. The likelihood of these exoplanets to be
habitable was also predicted based on a k-means clustering algorithm that included the Earth.
Machine Learning models like the ones we have come up with can significantly improve the
hunt for other life in the universe. This research, however, is far from finished. With further
research, higher accuracies and better models can be achieved. We can also better determine the
accuracy of our models as more data comes out about these objects of interest. We can especially
look towards the future data of the James Webb telescope?® which will gather the exact data
needed to improve our understanding of what a habitable exoplanet could look like. In
conclusion, while this research is a great starting point for the benefits of machine learning in

this field, there is far more work to be done.
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