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ABSTRACT  

This paper investigates the relative importance of the qualifying factors stated by Airbnb to promote their 
Superhost program and makes an effort to discover other implicit factors like property name, description, 
amenities, house rules that play a significant role in awarding the Superhost status. The goal of this project 
is to help hosts improve the experience of their guests and provide them with a framework that will guide 
them to increase their chances in the ‘Superhost’ program. The study utilizes the listings from New York 
City to predict the probability of becoming a Superhost based on text mining. Various statistical models 
such as Logistic Regression, LARS, SVM and Decision Tree were built to achieve this objective. Decision 
Tree was the best model with a misclassification rate of 12% and sensitivity of 52%. Another set of linear 
and non-linear regression models were built to predict the listing price of all Airbnb listings in New York City 
and in this case, stepwise regression model outperformed the other alternatives with an R Squared value 
of 55%. 

INTRODUCTION  

Airbnb is a peer to peer platform that serves as an online broker between property owners willing to allow 
short term rentals of their properties to travelers. Hosts with creditable service are rewarded with a 
Superhost status as a recognition; this could result in an improved host-guest experience/relationship cycle. 
Customers looking for places pay attention to this and gravitate towards renting from hosts who have 
earned the Superhost badge of approval. This is a formula that could keep both Superhosts and customers 
happy. Airbnb has published factors used as qualifying criteria in this process: 

 Overall ratings of 4.8+ 

 90% response rate within 24 hours 

 Host at least 10 stays a year 

 Honor confirmed reservations with no cancellations 

 Maintain at least a 50% review rate 

PROBLEM STATEMENT 

There appears to be other factors that play important roles in selection of the “Superhost”, especially how 
a listing is described on the Airbnb website using fields such as name of the property, description, amenities 
provided and house rules; Airbnb corporate appears to include such factors for its Superhost recognition.  

To validate the aforementioned hypothesis, different modeling techniques such as Text Mining, Logistic 
Regression, LARS and Gradient Boosting have been utilized. Furthermore, customers’ reviews have also 
been analyzed to explore if reviews for Superhost are different compared to a non Superhost and if 
differences exist, what impact that has on being recognized as a Superhost. In addition to Superhost 
prediction, a secondary model was also built to predict the listing price and analyze the variables affecting 
price.  

DATA  

Airbnb data is publicly available on the Inside Airbnb1 website. The data collected from this source was a 
demographic listing file, outlining all Airbnb properties in New York City as well as another review file 
providing customer reviews in between 10/13/2008 and 9/8/2018. The reason the city of New York was 

                                                           
1 http://insideairbnb.com/get-the-data.html  

http://insideairbnb.com/get-the-data.html
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selected is based upon its popularity as a tourist destination as well as the city being the financial hotspot 
of the US. For scoring purposes, Airbnb data for Boston city was collected from the same website. 

EXPLORATORY DATA ANALYSIS 

An exploratory data analysis was conducted using SAS® Enterprise Guide to observe the distribution of 
the numeric variables in the listings dataset. The listings file provides all the property information in New 
York City such as name, description, amenities, house rules, host verification, neighborhood, number of 
reviews and review ratings, bedrooms, bathrooms and any other relevant information about a house. The 
overall dataset had 96 different variables and 50,220 listings among which 7,905 were of Superhosts.  

It was evident from the exploratory analysis result that several variables were heavily right skewed. There 
are multiple variables such as maximum nights and minimum nights with lot of outliers. Table 7 highlights 
some of the basic information about the most relevant numeric variables used in the analysis. 

DATA PREPARATION 

Superhost status is awarded on a quarterly basis and the data files used in the analysis are as of 9/8/2018. 
Therefore, the listings file utilized in this analysis contains Superhosts and non Superhosts as of the second 
quarter of 2018. To maintain the data consistency, the same time period has been chosen for customer 
reviews details from the reviews file.  

As part of data cleaning, the variables have been selected on the basis of data consistency, and relevancy 
towards the goal. For example, the dataset had variables with only one level or variables like zip code and 
physical coordinates which weren’t required for the analysis. To further prepare and analyze fields in the 
listings file, text analytics was performed on the text fields in the listings file to extract relevant text topics. 
Through this analysis, the significant text variables were determined to be Description, Name, Amenities 
and House Rules. The reviews file was joined through listing number to the listings file in order to separate 
out reviews by Superhosts and non-Superhosts; this was necessary to evaluate varying sentiments in both 
cases. 

Text variables neighborhood overview and interaction were converted into binary flags, depending upon 
the presence of text in that particular variable. The above mentioned attributes provide customers with 
information on whether the host property provides a pleasant view of the neighborhood and what the 
different methods of interactions with the host, respectively. The text field host verification contained several 
methods of verification enclosed in a string. Each verification method was parsed out and converted into 
binary variables. The most and least common methods of verification were not considered as those 
methods did not provide significant lift to the model. A new feature called days since last review was created 
that acts similar to a “recency” measure and it holds data about the days since the listing received its last 
review, as of 9/8/2018 and was added to the final dataset for modeling. 

MODELING 

Methodology for Superhost Prediction 
1. Models were built separately on the text variables, numerical variables as well as a combination of 

both. The goal was to include all the relevant variables in the listings files to make a model that 
predicts Superhosts, apart from the ones already mentioned by Airbnb in their qualifying criteria. 

2. For each approach mentioned above, four modeling techniques were used: Support Vector 
Machine, LARS, Regression and Decision tree. The choice of modeling techniques was based on 
the fact that all the four models are able to handle higher dimensionality with relative ease or are 
easy to interpret.   

3. Data replacement, data filtering, text modeling, transformation and imputation were performed on 
SAS® Enterprise Miner™.  

4. Data filtering was heuristic and used to exclude extreme values of all numeric variables. Obvious 
outliers (such as a 10-digit number of bathrooms) were removed from the modeling dataset. 
Imputation was done by the mean method for all the interval variables while categorical variables 
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were grouped to reduce the number of levels. A log transformation was performed on the interval 
variables. 

5. Binary variables such as the target (host_is_superhost) were converted into a numeric format (0 or 
1) from categorical (f or t). Variables with multiple levels such bed type and property type were 
grouped by common sense to have two overall levels, for the ease of using them in the model. 

6. The data had 4 important text variables Name, Description, House rules and Amenities as 
mentioned under Data Preparation section. Text topics were created for each of these variables 
and used as input into the models. The decision of the apt amount of text topics was based on the 
frequency of parsed single terms and their weighted importance.  

7. The text topics with their terms can be found in Table 2, 3, 4 and 5 in the appendix.  

8. All the exported data from the text topics were merged and a final dataset with all the text topics 
and other numeric variables was used for modeling. 

9. The Decision tree model in both the numeric and text approach was selected as the best model, 
selected on the basis of sensitivity, misclassification rate and relevance for the business problem. 
Table 1 shows the performance metrics for all models. Table 1 also shows that the models with 
only text topics showed very low relative sensitivity hence this approach of modeling was not 
pursued further. 

Model Validation Sensitivity Validation Misclassification Rate 

Decision tree(non-text) 59% 11.38% 

Decision tree(all variables) 51% 11.58% 

SVM (all variables) 43% 11.96% 

Regression(non-text) 42% 12.05% 

SVM(non-text) 42% 12.07% 

Regression (all variables) 39% 12.41% 

LARS(all variables) 31% 14.04% 

LARS(non-text) 28% 14.67% 

Decision tree(text only) 5% 15.59% 

Regression(text only) 10% 15.69% 

Table 1: Model performance Sensitivity and Misclassification Rate 

Methodology for Price Prediction 
The secondary objective of this paper was to determine the factors affecting the listing price based on the 
currently available data. 

1. Four regression models were built namely Stepwise, Backward, Forward and LARS.  
 

2. Stepwise regression with an adjusted R Square of 55% was selected as the best model. The same 
data preparation and manipulation methods were applied to the dataset used for predicting price.  

RESULTS 

Results for Superhost Prediction 
 

1. The Decision tree model was used as the final predictive model for data scoring. LARS and 
regression results were also considered to have a better explanation of the results. Table 8 in the 
appendix shows the variable importance table for all the significant variables in the model. 

i. The number of reviews, cleanliness review scores, host response rate and number of host 
listings were the most important variables in the final model, along with other variables as 
seen in Table 8. 

ii. An interesting finding from this model was that three text topics from house rules, amenities 
and listing description were part of the decision tree and the English rules. This 
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demonstrates how including important terms in the listing of the Airbnb website could 
enhance the chances of having a Superhost recognition. 

iii. If the number of reviews for a host is greater than 32, cleanliness score is greater than 9.5, 
host response rate is greater than 84%, value score is greater than 9.5 and days since last 
review is less than 153, then the chance of being recognized as a Superhost is 77%. 

iv. If the number of reviews is between 10 and 20, accuracy score is greater than 9.5, number 
of listings is more than 2, cleanliness score is greater than 9.5, host response rate is greater 
than 85% and the listing description has terms like “fully”, “equip”, “furnish”, “enjoy” and 
“offer” then the chance of being Superhost is 78%. 

v. If the host response rate is greater than 85%, the amenities has terms like “intercom”, 
“wireless intercom”, “buzzer”, “TV”, cleanliness scores are almost equal to 10, number of 
reviews is between 17 and 21 and number of host listings is less than 2, then the chance 
of being a Superhost is 80%. 

 
2. Results from LARS were used to determine variable importance using the standardized estimate. 

Table 9 in the appendix shows the details of the variable importance.  
i. Table 9 reiterates the peak importance of the number of reviews and host response rate in 

Superhost prediction. If the listing is situated in Manhattan borough, then the chances of 
Superhost becomes less. This corroborates with the fact that the highest number of 
Superhosts belong to Brooklyn borough (42%).  

ii. A listing which is an entire home/apartment has a negative effect on Superhost recognition. 
The other room types, private room and shared room provided better prospects towards a 
Superhost. 

 
3. For quantifying the increase in probability of Superhost predictions based on the significant 

variables in the model, the odds ratio from the regression model was used. The values of all odds 
ratios can be found in Table 10 in the appendix.  

i. If the description field in a listing contains terms like “floor”, “house”, “entrance”, 
“brownstone”, “garden”, then the odds of being a Superhost goes up by 42%. 

ii. If the Airbnb has amenities like “dish”, “refrigerator”, “silverware”, “stove” and “oven” then 
the odds of being a Superhost goes up by 33%. 

iii. If the Airbnb has amenities like “first aid kit” and “card” then the odds of being a Superhost 
goes up by 35%. 

iv. If the Airbnb has amenities like “wide access”, “wide doorway”, “wide clearance” then the 
odds of being a Superhost goes up by 43%. 

Results for Price Prediction 
Here are the following results from the price prediction model: 

1. The variables with a significant positive effect on price were number of bathrooms, location scores, 
number of bedrooms, cleaning fee, accommodation, Manhattan location (compared to Staten 
Island) and some interactions between property type and location, room type and location. 

2. The variables negatively affecting price were minimum nights, Bronx, Queens and Brooklyn 
location (compared to Staten Island) and some interactions between property type and location, 
room type and location. The main and interaction effects along with their estimates can be found 
in Table 6 in the appendix. 

3. There are significant effects on comparing apartments against all other property types in 
Manhattan, Bronx and Queens. In Bronx and Queens, the nightly price reduces when the property 
type is an apartment while in Manhattan, the nightly price increases when it’s an apartment. Prices 
are not significantly affected by property type in Brooklyn. 

4. In comparing prices for different room types, there are significant effects across the board for 
renting an entire home compared to a private room.  Price of a room significantly decreases when 
it is shared with someone versus when it’s a private room. This holds true, though, only for 
Manhattan. Other neighborhoods are not significantly affected by the room type (private or shared). 
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Results for Sentiment Analysis 
 
Sentiment Analysis performed on the reviews file separately for the current Superhosts and hosts revealed 
that 4.4% of the reviews were negative for the non-Superhosts while only 0.5% of the reviews were negative 
for the current Superhosts. These numbers indicate that reviews and review scores play a significant role 
in naming a Superhost for Airbnb.  

SCORING 

The listings dataset from Boston was used for scoring purposes. The dataset was subject to the same data 
preparation steps as the dataset from New York City. Creating exactly the same text topics for Boston as 
for New York was not possible because of the varying textual field differences and the smaller number of 
Airbnbs in Boston leading to inevitably less text terms. 

So, instead of using the Numeric and Text model the Numeric only model (Decision Tree) with the least 
misclassification rate was used for scoring. From the Boston dataset, 879 cases out of 1377 were correctly 
predicted by the NYC model.  

FUTURE PROSPECTS 

Census data can be also leveraged to further enhance the accuracy of the model by including socio-
economic and demographic factors. This analysis can be expanded to include other cities in the United 
States to study the varying factors in determination of a Superhost, depending on the location of the Airbnb. 

Time series forecasting techniques can also be performed on price data to better forecast the listing prices 
based on their historical rates. This would ensure a compliance on any sudden fluctuations in price.  

CONCLUSION 

Apart from the five criteria prescribed by Airbnb for a Superhost consideration, this paper attempts to 
expand the horizons of great hosting by use of text analytics and predictive modeling. The study of New 
York City shows that Airbnb hosts should encourage the visitor to write reviews for every visit. While keeping 
the property clean is an evident requirement, having varied and useful amenities lends extra credit to a 
host’s portfolio. A precise and descriptive listing also helps boost the chances of gaining a Superhost status. 
If the Airbnb is located in Manhattan, the nightly price always stays higher than the other neighborhoods 
with entire homes being costlier than private rooms and other property types.  

A combination of insights from all the models were used to determine comprehensive and scalable insights. 
Among the various models built, decision tree provided the best interpretable results while including most 
of the relevant variables from the listings data. 
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APPENDIX 
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Table 7: PROC MEANS procedure in SAS 
Enterprise Guide showing variable value 

distribution 

Table 8: Variable importance in the Final Decision Tree 

 

 

Table 9: Standardized estimates of important variables from LARS model 

 

Table 10: Odds Ratio from the Stepwise 
Regression model 

 

 


