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Abstract

Our study provides an exploratory data analysis and a predictive model of Airbnb
listings in Sydney to gather insights for potential travelers and hosts. The analysis
encompasses neighborhood safety, listing distribution, and pricing patterns. Addi-
tionally, clustering analysis identifies distinct groups of listings based on property
characteristics and their relation to pricing. A linear regression model, enhanced by
variable selection and transformation, predicts listing prices with substantial accu-
racy. The findings highlight the importance of neighborhood safety and property
features in determining accommodation choices and pricing strategies on Airbnb.

1 Exploratory Data Analysis

Airbnb is one of the largest companies offering hotel-like short-term rentals. As our group is pas-
sionate about traveling, we decided to analyze the Airbnb market in Sydney to gather insights before
starting our journey to Australia. Here, we conduct some exploratory data analysis to begin with.

1.1 Neighborhoods

1.1.1 Listing count per neighborhood

Figure 1: Number of listings by neighborhood Figure 2: Heat map of distribution of accommo-
dations

Figure 1 shows that neighborhood “Manly” holds most listing, and altogether 20 neighborhoods have
over two hundred accommodations. In Figure 2, we can see that most of listings are in the city’s
bay area. In addition, Figure 2 can better show to which extent the accommodation clustered than
Figure 1.
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1.1.2 Average price per neighborhood

To ensure a fair comparison, only the most common type of accommodation, which is for two per-
sons, is selected. As anticipated, the priciest accommodations are predominantly situated in the city’s
bay area.

Figure 3: Average daily price for a 2-persons ac-
commodation

Figure 4: Average daily price map for a 2-per-
sons accommodation

1.1.3 Neighborhood safety

Figure 5 shows the number of homicides, robberies, and thefts per neighborhood over two years. It is
evident that theft constitutes the majority of crimes in Sydney. To obtain a comprehensive measure of
overall safety, we combined the counts of these three types of crimes by summing their standardized
scores to create a crime index. Figure 6 presents the crime index across neighborhoods. Based on
the findings from Section 1.1.2, we recommend that tourists select neighborhoods where accommo-
dations are reasonably priced and the area is safe.

Figure 5: The number of homicide, robbery, and theft per neighborhoods in two years
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Figure 6: Overall crime index Figure 7: Average review rating

1.2 Review score

Figure 7 shows the average review rating per neighborhood. When compared with Figure 6, it is evi-
dent that areas with a high crime index generally have lower review ratings. We recommend Suther-
land Shire to tourists, as it is a safe, reasonably priced neighborhood with high review ratings.

1.3 Room type and property type

From Figure 8, we observe that entire homes/apartments are the most popular type of accommoda-
tion on Airbnb in Sydney, accounting for more than two-thirds of the market. Figure 9 provides the
price per accommodation for each room type. In terms of cost performance, we can conclude that

Private room > Shared room > Entire home/apartmen > Hotel room

, which indicates that compared to other types of accommodations, hotels are not an economical
choice on Airbnb.

Figure 8: Number of accommodations per room
type

Figure 9: Price per accommodations per room
type

Figure 10: Number of accommodations per property type
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Figure 10 displays the number of accommodations per property type. The most frequent property
type is Entire rental unit. Some accommodations with the property type Room in boutique
hotel or Room in hotel are labeled as Private room. It is unclear whether this phenomenon is
due to manual misclassification.

1.4 Average price by date

Figure 11 shows the average price of available accommodations by date, from March 2024 to March
2025, specifically for accommodations for two persons. The data was compiled on March 16th, 2024,
leading to the suspicion that prices for dates further in the future have not been updated yet and are
likely default prices. For instance, there is a noticeable dramatic decline in prices on June 15th, 2024.
Additionally, it appears that the availability of accommodations is predominantly set for one season,
resulting in a periodic, stair-step-like decline in the number of available accommodations.

Figure 11: Average price and number of available accommodations by date

2 Cluster Analysis

This part details a clustering analysis performed on Airbnb listings in Sydney, utilizing key property
characteristics to group similar properties. The primary objective is to determine the relationship
between property features per capita and their influence on pricing. Using the K-Means clustering
algorithm and the Elbow method for model evaluation, the analysis identifies distinct property clus-
ters with varying price levels. The findings suggest nuanced relationships between property features
and pricing, providing insights for both hosts and potential guests.

2.1 Relevant columns for clustering

The following features describe the type and size of the listing, which are important for clustering
similar properties together:

• property_type
• room_type
• accommodates
• bedrooms
• bathrooms
• beds
• price.

Since for the categorical features like room_type, the numbers of different categories vary a lot, say,
they are unfair, if we directly use these unfair categories, such as, the percent of “entire room” type
is larger than 50%. These unfair categories will destroy the clustering result, so we will not use the
categorical data in this part.

Therefore, we will use the following feature later: accommodates
• bedrooms
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• bathrooms
• beds
• price.

2.2 Data transformation

To normalize the property characteristics and account for the varying capacities of listings, the fol-
lowing per capita metrics were calculated:

• Per_person_bedrooms: Bedrooms divided by accommodates
• Per_person_bathrooms: Bathrooms divided by accommodates
• Per_person_beds: Beds divided by accommodates

These transformations ensure that the clustering process is not biased by the absolute size of the
properties but rather reflects the relative availability of amenities.

Another concern pushed us to make this transformation is that the absolute value of accommodates,
bedrooms, bathrooms and beds can partially reveal the room_type, which is a unfair category as
we discussed before. Since, for a “entire room” type listing, it normally has a larger accommodates,
bedrooms and beds than a “private room” type listing published by a personal host. Thus, here we
use a per capita metrics to escape from this kind of unfairness, and we will then to discover how the
per capita metrics relates to the price of the listing.

2.3 Clustering algorithm

2.3.1 K-Means clustering

K-Means is a widely used clustering algorithm due to its simplicity and efficiency. It partitions the
dataset into 𝐾 distinct clusters, where each data point belongs to the cluster with the nearest mean.
The algorithm involves the following steps:

1. Initialization: Randomly select 𝐾 initial centroids.
2. Assignment: Assign each data point to the nearest centroid.
3. Update: Calculate the new centroids as the mean of all points in each cluster.
4. Repeat: Repeat the assignment and update steps until the centroids no longer change significantly.

Mathematically, the objective of K-Means is to minimize the within-cluster sum of squares (WCSS),
defined as:

WCSS =∑
𝐾

𝑘=1
∑
𝑥∈𝐶𝑘

‖ 𝑥 − 𝜇𝑘 ‖2 (1)

where 𝐶𝑘 is the 𝑘-th cluster, 𝑥 is a data point, and 𝑚𝑢𝑘 is the centroid of 𝐶𝑘.

2.3.2 Elbow method

The Elbow method is used to determine the optimal number of clusters (𝐾) for K-Means. It involves
plotting the WCSS against the number of clusters and identifying the “elbow” point where the rate
of decrease sharply slows down. This point indicates the number of clusters that best balance com-
plexity and the goodness of fit.

Mathematically, the WCSS is computed for different values of 𝐾:

WCSS(𝐾) =∑
𝐾

𝑘=1
∑

{𝑥∈𝐶𝑘}
‖ 𝑥 − 𝜇𝑘 ‖2 (2)

The Elbow point is identified where the first derivative of WCSS with respect to 𝐾 shows a signifi-
cant change in slope.
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2.3.3 Evaluation metrics

Within-Cluster Sum of Squares (WCSS).
WCSS measures the compactness of the clusters. For each cluster, it calculates the sum of the squared
distances between each point and the cluster centroid. A lower WCSS indicates more cohesive clus-
ters. The goal of K-Means is to minimize WCSS across all clusters, ensuring that each cluster is as
tight as possible.

Silhouette Score.
The Silhouette score is another metric used to evaluate the quality of the clusters. It measures how
similar a data point is to its own cluster (cohesion) compared to other clusters (separation). The score
ranges from −1 to 1, where a higher value indicates better-defined clusters. It is calculated as:

𝑠(𝑖) =
𝑏(𝑖) − 𝑎(𝑖)

max(𝑎(𝑖), 𝑏(𝑖)) (3)

where 𝑎(𝑖) is the average intra-cluster distance and 𝑏(𝑖) is the average nearest-cluster distance for
point 𝑖.

2.4 Clustering results

2.4.1 Determining the optimal number of clusters

Using the Elbow method, we plotted the WCSS against different values of 𝐾. The plot indicated an
elbow at 𝐾 = 4, suggesting that four clusters provide a good balance between minimizing WCSS
and avoiding overfitting.

Figure 12: The choice of the number of clusters using Elbow methods.

2.4.2 Cluster characteristics
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Figure 13: The clustering result table.

The analysis identified four distinct clusters based on the transformed features and their price levels:

• Cluster 0 (Low Price): Characterized by high bedrooms, high bathrooms, and high beds
per capita.

• Cluster 1 (Mid Price): Characterized by moderate bedrooms, average bathrooms, and low
beds per capita.

• Cluster 2 (High Price): Characterized by moderate bedrooms, low bathrooms, and moder-
ately high beds per capita.

• Cluster 3 (Luxury): Represented by luxury holiday homes with high-end features.

2.5 Cluster analysis

A detailed examination of each cluster provided insights into the typical properties and possible ex-
planations for their pricing:

2.5.1 Cluster 0 (Low Price)

• Characteristics: High per_person_bedrooms, per_person_bathrooms, and per_person-
_beds.

• Example: A property accommodating 4 persons with 5 bedrooms, 5 bathrooms, and 5
beds, yet priced low.

• Assumptions: This kind of rooms might mainly be Private Rooms, which means there
are other peoples already living in the rooms (the owner of the house or other tenants). The
existence of unknown roommates can be a cause of low price.

• Room Type Distribution:

room_type Private room Entire home/apt Shared room Hotel room

counts 817 102 50 8

2.5.2 Cluster 1 (Mid Price)

• Characteristics: Moderate per_person_bedrooms, average per_person_bathrooms, and low
per_person_beds.

• Insight: Represents balanced properties suitable for mid-range budgets.

2.5.3 Cluster 2 (High Price)

• Characteristics: Moderate per_person_bedrooms, low per_person_bathrooms, and moder-
ately high per_person_beds.

• Insight: Indicates properties with fewer bathrooms but more beds, justifying higher prices
due to larger group accommodations.

2.5.4 Cluster 3 (Luxury)

• Characteristics: High-end properties with extensive amenities.
• Insight: Luxury holiday homes commanding premium prices due to superior features and

exclusivity.
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2.6 Visualization of clusters

We can simply distribute the four clusters in four quadrants in a plane, while
• x-axis represents the average bedrooms per capita
• y-axis represents the average bathrooms per capita.

Finally, we find the relationship: the average price increases with the quadrants.

Figure 14: The illustration of per capita metrics and different clusters(with different prices)

2.6.1 Analysis and interpretation

The clustering results reveal that there is no direct linear relationship between the number of bed-
rooms, bathrooms, and beds per capita and the pricing of the listings. However, the clusters provide
a framework to understand the diverse accommodation offerings and their market positions. The av-
erage price tends to increase with the higher quadrants on the per capita amenities plane, indicating
a general trend where more exclusive features per capita correlate with higher prices.

2.7 Conclusion of clustering analysis

This clustering analysis of Airbnb listings in Sydney highlights the heterogeneity of the market and
the complex interplay between property features and pricing. By transforming property characteris-
tics to per capita metrics and employing the K-Means algorithm, meaningful clusters were identified,
each representing distinct types of accommodations. The insights derived from this analysis can aid
hosts in optimizing their pricing strategies and help guests in making informed decisions based on
their accommodation preferences.

3 Prediction: Linear regression

3.1 Data processing

Figure 15: missing value for variables before
variable selection

Figure 16: missing value for variables before
variable selection

8



3.1.1 Missing value & outliers

Figure 17: distribution of numerical variables
before processing

Figure 18: value counts of categorical variables
before processing

• Missing Values: For independent variables, fill missing values (mode for categorical vari-
ables, mean for numerical variables). Remove instances with missing values in the response
variable.

• Outliers: For numerical variables, handle outliers using the Interquartile Range (IQR)
method or z-score(z-score leads to better R-squared and adjusted R-squared). For categor-
ical variables, remove categories with too few instances (less than 10).

3.1.2 Data transformation

• Convert all categorical variables to dummy variables.
• Based on the distribution plots, the numerical variables deviate from a normal distribution.

Apply the Box-Cox transformation to all numerical variables. (Also tried Yeo-Johnson
transformation, the 𝑅2 and adjusted 𝑅2 are worse than Box-Cox).

Figure 19: distribution of numerical variables
after processing

Figure 20: value counts of categorical variables
after processing

3.2 Model selection

3.2.1 Variable selection

3.2.1.1 Basic manual selection

• Correlation Ranking for Numerical Variables

By sorting the correlation of numerical variables, select the top four as our feature variables: [‘ac-
commodates’, ‘bathrooms’, ‘bedrooms’, ‘beds’].
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Figure 21: Correlation of Numerical Variables with Price

• One Way ANOVA for Categorical Variables

ANOVA results assist in feature selection by identifying which categorical variables should be in-
cluded in the model based on their statistical significance. The results suggest that the categorical
variables tested [‘neighborhood’, ‘property type’, ‘room type’] significantly influence the Airbnb
rental prices in Sydney.

Table1. ANOVA Results for Categorical Variables

3.2.1.2 Algorithm screening

• Forward Selection

Forward selection starts with no variables and adds one variable at a time. At each step, the variable
that improves the model the most (based on criteria like AIC, BIC, or R-squared) is added.Stops when
no significant improvement is made by adding additional variables. Finally, [‘accommodates’, ‘bath-
rooms’, ‘bedrooms’, ‘beds’, ‘neighbourhood_cleansed’, ‘review_scores_value’, ‘availability_365’,
‘longitude’, ‘property_type’, ‘host_is_superhost’] are screened by forward selection.

• Backward Selection

Backward selection starts with all candidate variables included in the model and removes one vari-
able at a time. At each step, the variable whose removal improves the model the most (or degrades it
the least) is removed. Stops when removing any further variables significantly worsens the model.-
Finally, [‘accommodates’, ‘bathrooms’, ‘bedrooms’, ‘beds’, ‘review_scores_value’, ‘longitude’, ‘lat-
itude’, ‘maximum nights’, ‘neighbourhood_cleansed’, ‘property_type’, ‘host_is_superhost’, ‘room_-
type’] are screened by backward selection.

• Stepwise Selection
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Stepwise selection is a combination of forward and backward selection methods.Then, [‘accommo-
dates’, ‘bathrooms’, ‘bedrooms’, ‘beds’, ‘review_scores_value’, ‘neighbourhood_cleansed’, ‘proper-
ty_type’, ‘room_type’] are screened by this method.

3.2.2 Model fitting

• Linear Model

Select the linear model as the main model for analysis. It is worth noting that we performed log on
the price to improve the R square.

Table3. Comparison of different variables for linear model

• Forward Selection and Backward Selection provide similar R-squared values, indicating
similar performance.

• Stepwise Selection has a slightly lower R-squared but is more balanced in feature selection.
• Manual Selection shows the best R-squared and is selected as optimal one.

Choose the optimal one and use SAS for further analysis:

The GLM analysis provides a robust model for predicting Airbnb prices with a high R-squared value
of 0.723202, indicating that approximately 72% of the variance in prices is explained by the model.
Significant predictors include the number of accommodates, bathrooms, bedrooms, and other rele-
vant variables, all showing strong statistical significance. The detailed Type I and Type III sum of
squares analysis confirms the individual importance of each predictor in the model.

Figure 24: GLM Process and Analysis for Airbnb Price Prediction
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3.2.3 Model comparison

Table4. Model Performance Comparison

Note: The linear model, xgboost and random forest after log transformation are all fitted using the
best filtered variable combination.

• Interpretability and Simplicity: Linear Model with Log Transformation maintains high
interpretability and simplicity while significantly improving performance over the non-
transformed version. It’s suitable for scenarios where understanding the model and explain-
ing it to stakeholders is crucial.

• Balance Between Performance and Interpretability: Random Forest with Log Transfor-
mation offers a good balance between enhanced performance and moderate interpretability.
Feature importance can still provide insights into which features are most influential.

• Predictive Performance: XGBoost with Log Transformation excels in predictive accuracy
but at the expense of interpretability and simplicity. This model is ideal when the highest
accuracy is required, and resources are available to manage its complexity.

3.3 Model diagnosis

3.3.1 Residual plot

• Residuals vs. Predicted Values: Although the predicted prices are concentrated, the mean
of the residuals is close to zero, and the variance is roughly constant.

• QQ-plot: The deviation of the sample quantile is larger where the theoretical quantile is
larger, which means that the tail of the sample quantile is thicker.

Figure 26: residual plot Figure 27: QQ-plot Figure 28: residual histogram

• Histogram of Residuals: Consistent with the results of QQ-plot, the residuals approxi-
mately follow a normal distribution. There is a slight deviation on the right side of the peak
(high-price area).
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3.3.2 Hypothesis test

The hypothesis test for residual includes tests for heteroscedasticity, normality, and independence to
ensure the validity of the regression model’s assumptions.

Heteroscedasticity Test: Conducted to check if the variance of residuals is constant across different
levels of the predicted values.

Normality Tests: Shapiro-Wilk Test Statistic: 0.9822 ≈ 1, Kolmogorov-Smirnov Test Statistic:
0.0361. Given the sample size is 11,259 (which is greater than 5,000), the Kolmogorov-Smirnov test
is more suitable for assessing the normality of the residuals here. Both tests suggest that the residuals
approximately follow a normal distribution, although the distribution tails are thicker than those of
a normal distribution.

Independence Test: Durbin-Watson Statistic: 1.9641. This statistic is approximately equal to 2, indi-
cating that the residuals are essentially independent of each other.

Overall, the residual analysis supports the assumptions of the regression model, though there is a
slight deviation in the normality of the residuals as indicated by the thicker tails in the distribution.

3.3.3 Multicollinearity

To address multicollinearity, we used the Variance Inflation Factor (VIF) to detect and iteratively
remove variables with the highest VIF until all remaining variables, except the constant term, had a
VIF less than 10.

• Before Removal: R-squared: 0.721 Adjusted R-squared: 0.719 Test R-squared: 0.7207
• After Removal: R-squared: 0.718 Adjusted R-squared: 0.716 Test R-squared: 0.7192

The removed variables include:

• property_type_Shared room in home,
• property_type_Entire rental unit,
• room_type_Private room,
• neighbourhood_cleansed_Sydney

It was observed that these variables were highly correlated with the retained variables.

For instance: property_type_Shared room in home was correlated with room_type_shared_room.
property_type_Entire rental unit was correlated with room_type_Entire_home/apt.
room_type_Private room had strong correlations with various subcategories of private rooms under
property_type. By removing these variables, we effectively reduced multicollinearity without sig-
nificantly impacting the model’s explanatory power, as indicated by the slight changes in R-squared
values.

4 Conclusion

Our analysis of Airbnb listings in Sydney offers several key insights:

1. Neighborhood Analysis: Manly has the highest number of listings, and most listings are concen-
trated in the bay area. The priciest accommodations are also predominantly located in this region.
Safety varies by neighborhood, with theft being the most common crime, and safer neighborhoods
generally have higher review ratings.

2. Accommodation Types: Entire homes/apartments dominate the market, while hotels are the least
economical choice on Airbnb. Property type analysis reveals a mix of accommodations, with
some misclassification observed.

3. Pricing Patterns: Average prices fluctuate throughout the year, with noticeable declines during
certain periods, likely due to unupdated future prices.
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4. Clustering Analysis: Four distinct clusters of properties were identified based on per capita met-
rics of bedrooms, bathrooms, and beds. Each cluster reflects different price levels and property char-
acteristics, offering insights into the diversity of the market.

5. Predictive Modeling: A linear regression model was developed to predict listing prices. Through
careful variable selection and transformation, the model achieved a high R-squared value, indicat-
ing strong predictive performance. Model diagnostics confirmed the validity of the assumptions,
although some deviation in residual normality was observed.

Overall, this study provides valuable information for both Airbnb hosts and potential guests. Hosts
can optimize their pricing strategies based on property features and neighborhood characteristics,
while guests can make informed decisions by considering safety, pricing, and accommodation types.
The clustering and predictive modeling approaches used here can be applied to other regions to gain
similar insights into the Airbnb market.
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