New York City Airbnbs Final Paper

1. Abstract

How can one predict the price of a New York City Airbnb? We are trying to create a machine
learning model that can predict the price of a NYC Airbnb given some factors with high
accuracy. There are many factors that contribute to pricing an Airbnb. This model is important
because it can help people list their Airbnb for a fair price and help a renter determine if a listing
price is fair. We first found a dataset containing the price of New York City Airbnbs and many
features about these houses. This dataset also contained many factors about the houses that could
be important for predicting prices. We then condensed the data into only the data that we thought
were important. We compared several regression models to see which would predict the price
best. The random forest regressor predicted the price with about 27% away from the price on
average. The SGD regression predicted the price with an error of about 42%. Our model wasn’t
very accurate when predicting the price. To accurately predict the price, more factors about the
housing are most likely needed. Some of these could be square footage, bathrooms, and
bedrooms. Though, these weren’t on the dataset we used.

2. Introduction

New York City is full of Airbnbs. Each person listing an Airbnb needs to give accurate pricing
so that people will believe it is fair. This gives an overall better experience for the renter. Many
different aspects of housing can affect prices, such as location, size of the house, and type of
house. In New York City, they can be affected by the different boroughs and the type of room.
Our goal is to try and make a machine learning model that can predict an accurate price given
some of these factors. We used many different models like SGD regression and random forest
regressor.Random forest regressor worked the best as it had the smallest mean error percentage.
We used supervised learning because the data we used was labeled. Categorical values such as
neighborhood and borough were given numerical values for training purposes. We did this by
replacing each word with a number. The output of our project is the model we made to predict
price. This corresponds to the price. If the estimate is closer to the actual price, the error is
smaller, and vice versa.



3. Background

Prior research has used regression models to predict housing prices in places like Mexico City [1],
Seattle [4], and Nashville [6]. In the Mexico City paper, the authors attempted to make a model that
would predict Airbnb prices in the area. This is nearly identical to our goal aside from the
different locations. We used this as a guide to how we should conduct our project. It showed me
how we could use visual models to prove our point. For their paper, they showed many different
types of models including box and whisker plots and bar graphs, comparing the different
attributes of the houses and how they relate to price. Another source was the Seattle paper.
Similar to the last paper, these authors attempted to make a predictive model on pricing Airbnbs.
They did this using different types of regression models. One of these, we used for mine as well.
This is called the Random Forrest Regressor. Moreover, we also used the paper that focused on
Nashville. This paper helped me learn the more technical aspects of machine learning. It had
many graphs and charts, depicting aspects of the model. Overall, all of these papers helped us
immensely in making ours.

4. Dataset

The dataset we chose contained many different factors about Airbnbs in New York City. We
accessed it from the website, kaggle[3]. The dataset contained features such as id(the listing
identification), name(the name of the listing), host id, host name, neighborhood group,
neighborhood, and price. Some of these, like price and id are numerical while others like
neighborhood and neighborhood group are categorical. First, we got rid of some of the unneeded
columns. We decided not to use these because they weren’t factors that normally affect the price
of a living area. For the categorical variables, We mapped them to numbers so that they were
easier to work with. This made it much easier to use both them and the numerical data when
putting them in the model. For the train test split, we used a 80/20 split. This makes it so most of
the data is used for training and the remaining data is used for testing. “Neighborhood” described
the specific neighborhood in New York City, such as Midtown, Harlem, or queens. This had
many values as there are many neighborhoods in New York City. “Neighborhood Group”
described the specific borough, like Manhattan, Queens, or Brooklyn. We decided to include
neighborhood and neighborhood group because price could potentially be affected by location.
There was also room type. This could be private room or entire home or others. This definitely
affects price as a larger living area will ultimately drive up costs. We also included minimum
nights and availability. For example, id, host id, and host name all don’t correlate to anything
about the house. This means that it would not be useful to me for predicting price. The processed
dataset contained neighborhood, neighborhood group, availability, and room type.
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5. Methodology/Models

We chose regression models because regression models require numerical input and all of
the data we used was numerical after we converted the categorical variables. One of the
main regression models we used is called SGD(scholastic gradient descent) [5]

Regressor. Another model we used was a random forest regressor. This model is very
different from SGD regressor. It uses multiple different decision trees to try and make a
prediction of the price. Each tree is trained on a random subset of the data, hence why
random is in the name. The model then evaluates all of the trees and takes the average of
the results. We decided on using this as one of our models because it is more complex
than the models like linear regression. Linear regression uses the data to make a line of
best fit and makes predictions based on that. I chose not to use it because of the simplicity
of the model and the fact that my data didn’t seem to have a linear relationship. SGD
regression works by estimating the difference of loss across samples and is updated
across the sample. This model didn’t work as well as the random forest regressor.

6. Results and Discussion

The more accurate model was the random forest regressor. The mean absolute error for this
model was 22.80. This number is the absolute error over the course of the test and train sets. The
mean absolute percentage error was 0.27. This means that the model was about 27% off. The r
squared score was 0.58. This value explains how the dependent variables vary based on the



independent variables in a regression model. The mean squared error was 917.85. This number
outlines the fit on the data with the regression line. This is not good for the model because the
number is better when it is closer to 0. This number is a large distance from 0, meaning that there
is a lot of error/. Lastly, the max error was 160.7. This is also not a good score because it means
that one of the points was 160.7 off of where it should be. The other model we used is called the
SGD regressor. The mean absolute error was 30.74. This is greater than the random forest
regressor which means it is worse off. The mean absolute percentage error was 0.42. This means
that the model was about 42% off which is worse than the random forest regressor which was
27% off. The r squared score was 0.25. This means that there was less variation than the other
model. The mean squared error was 1575.05. This number is much further from 0 indicating that
is didn’t fit as well. The max error was 138.23. This is less than the random forest regressor
although this one doesn’t matter as much as the others because it only describes a certain point.
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7. Conclusion

The purpose of this project was for predicting the price of a New York City Airbnb. My goal at
the start of the project was to get the model to accurately predict the prices of the Airbnbs. We
did this using SGD regression and random forest regressor. Overall neither were very successful
though we believe the project has more potential in the future. First off, one could try more and
different models. It may be that the models we chose weren’t a good fit for the data we chose.
There are many different models online and there is certainly one that could improve our work
on the project. Furthermore, there may be other datasets with better factors to fit the code. For
example, if a dataset had a square footage column, the model may be able to fit the data much
better if there is a better correlation. Overall if these are taken into account, the error can become
even smaller making the model much more accurate.
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