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Highlights

What are the main findings?

• Price, location (city), listing capacity, amenities, and host responsiveness were among
the variables most strongly associated with occupancy rate variation.

• Moderately priced listings with smaller accommodation capacity exhibited the highest
average occupancy rates (approximately 57%), and this pattern was supported by both
the Random Forest and cluster analyses.

What are the implications of the main findings?

• Listing and host characteristics should be considered together when evaluating short-
term rental performance.

• Future studies may benefit from incorporating seasonality, neighborhood charac-
teristics, local events, and other market conditions to better explain occupancy
rate variation.

Abstract

Short-term rental housing plays an important role in the housing market by increasing
property utilization and generating income opportunities for property owners. This study
investigates the key attributes associated with Airbnb occupancy rates using listing data
from five major U.S. cities. Data mining and machine learning techniques, including
Random Forest, XGBoost, Deep Neural Networks (DNN), and hierarchical cluster analysis,
were applied to identify factors associated with occupancy rate variation. Random Forest
achieved the best performance (R2 = 23.92%). Feature importance analysis identified price,
location (city), listing capacity, amenities, and host response rate as the variables most
strongly associated with occupancy rates. Cluster analysis supported these findings by
identifying a dominant group of moderately priced listings with smaller accommodation
capacity, more amenities, higher host responsiveness, and an average occupancy rate of
57%. These findings provide data-driven insights that may help property owners optimize
listing performance and improve occupancy rates.

Keywords: Airbnb; short-term rental housing; occupancy rate; property management;
machine learning; cluster analysis

1. Introduction
Short-term rental housing refers to property leases that range from one night to

several weeks but not more than a month [1]. The short-term rental market is expected to
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grow between 2025 and 2030 at an average annual rate of 11.4%. Due to evolving travel
patterns and customer preferences, the global short-term rental market was valued at
USD 134.51 billion in 2024 and is expected to grow to USD 256.31 billion by 2030, with
the North American market holding a share of 34.6% of the global revenue in 2024 [2].
Airbnb has a notable presence in the United States, with listings available in major cities
across the country. The U.S. locations with the highest numbers of Airbnb listings per
1000 inhabitants include Hawaii, New Orleans, Austin, Nashville, Washington DC, Seattle,
San Diego, San Francisco, Denver, Portland, Las Vegas, Boston, Los Angeles, and New
York [3]. Some cities in the United States have passed laws that have severe restrictions
on Airbnb listings, while most cities with these restrictions remain the top locations for
Airbnb listings in the country [4]. The popularity of short-term rentals has grown, attracting
business professionals, travelers, and individuals in need of temporary accommodation [5].
One of the main advantages of short-term rental housing is its flexibility: guests can choose
a property that suits their needs and preferences, while owners retain control over pricing.
Short-term rentals also create new income opportunities for homeowners and stimulate
growth in service industries [6].

For short-term rental property owners, occupancy rate is one of the most important
indicators of business performance because it directly influences revenue generation and
asset utilization. While hosts can control factors such as pricing, amenities, property
features, and responsiveness to guests, it remains unclear which of these attributes are
most strongly associated with occupancy outcomes. Understanding these relationships is
important for property owners seeking to improve listing performance and for platform
managers interested in supporting efficient marketplace operations. As the short-term
rental market continues to expand, identifying the key factors associated with occupancy
rates has become both a practical and research-relevant challenge.

After COVID-19, Airbnb experienced significant growth as travel and tourism re-
bounded, with a notable increase in domestic and international bookings [7,8]. By saving
on accommodation, travelers may allocate more of their budget to spending in local neigh-
borhoods. The rise of short-term rental platforms like Airbnb has significantly impacted
local economies by increasing tourism revenue and diversifying tourism offerings. It has
been particularly valuable in areas with limited traditional hotel options, helping drive
economic growth by attracting and sustaining tourism. However, while short-term rentals
offer economic advantages, they also raise concerns about housing affordability and mar-
ket balance [9]. As more housing units are converted to short-term rentals, the reduced
availability of long-term rental properties contributes to rising rents and house prices [10].

However, some studies argue that this effect is not driven by Airbnb itself, since its
listings can expand the supply of short-term rental units without necessarily reducing the
long-term rental stock. This study aims to identify the key attributes associated with short-
term rental occupancy rates and to better understand the factors that contribute to improved
listing performance and guest experience. This study adopts a data-driven approach using
data mining and machine learning techniques, including Random Forest, XGBoost, and
cluster analysis, to examine Airbnb listing data. The methodology involves collecting and
preprocessing Airbnb listing data and applying machine learning and cluster analysis
techniques to identify patterns and examine the attributes associated with occupancy rate
variation. Although the study faced limitations due to incomplete data and restricted access
to proprietary Airbnb datasets, the findings offer a framework to understand short-term
rental trends in order to improve occupancy rates. Ultimately, the study aims to provide
valuable strategies for property owners to optimize their listings, which contributes to a
more sustainable and thriving short-term rental market.
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2. Literature Review
2.1. Demand and Occupancy Rates

The rapid growth of short-term rental homes has greatly boosted the supply of accom-
modation, influenced by broader macroeconomic conditions, making the overall lodging
industry more competitive [11]. Estimating demand for short-term rental homes involves
analyzing historical booking data, market surveys, and broader market trends. The key
determinants that influence demand include local attractions, seasonality, events, eco-
nomic conditions, awareness of sharing economy platforms, and competitive pricing. Host
pricing strategies influence guest satisfaction, which in turn affects long-term demand
and revenue [12]. External factors like weather, travel restrictions, and consumer prefer-
ences also play a role in shaping demand. Guest evaluations, location, accommodation
features, management and host service quality impact Airbnb satisfaction, which affects de-
mand [13]. Demand is difficult to measure objectively because it encompasses all inquiries
and potential bookings, whether or not they result in actual reservations [14].

Constrained demand is a subset of total demand that reflects the actual booked
reservations, excluding inquiries that did not result in bookings. Constrained demand can
be objectively measured because it represents confirmed bookings. However, few studies
have explicitly quantified this measure. Demand and occupancy are influenced by factors
like price, location, cleanliness, facilities, and security. While market demographics also
play a role in determining occupancy rates [15], short-term rental occupancy is typically
measured by the number of days a property is booked over a given period of time, i.e.,
within 30 days [16]. In this study, occupancy rate is estimated using the availability_30
variable, which represents the number of days a listing is available for booking during the
next 30 days. Occupancy rate reflects the proportion of available nights that are booked.

2.2. Host Efforts and Property Features

Past studies have focused on Airbnb’s affordability, with the price attribute often
regarded as a significant factor influencing customers’ choice of a listed property [17,18].
Short-term rentals, particularly those listed on Airbnb, highlight the significant role that
location, amenities, and reviews play in whether a listing is booked. Proximity to tourist
attractions, restaurants, bars, and transportation hubs are highlighted as major influencing
factors for potential guests [19]. The provision of amenities is often considered a standard
expectation for guests and Airbnb has guidelines on their website for what amenities are
considered essential or basic. Inclusion of unique or additional features can significantly
differentiate a listing [20]. Hosts are therefore encouraged to invest in thoughtful amenities
that go beyond the basics, creating a richer experience for their guests. The property
capacity or the number of guests a property can accommodate, and the quality of the
sleeping arrangements play a pivotal role in guest satisfaction. Properties with more
bedrooms or beds are more likely to yield higher returns when rented as short-term
rentals [21].

Hosts that prioritize comfort and offer diverse accommodation options are more likely
to be appealing to a wider range of guests. A secure verification process is a critical factor
that ensures trust and security in the short-term rental platforms and systems [22]. The
host’s profile photo also influences whether a listing is booked. Negative expressions or
absence of a facial image reduce customer interest, while positive or neutral expressions
help to enhance it [23]. The verification process is done using identity checks via photo, ID,
phone number, email, and address, which is designed to foster a secure environment and
build trust between users [24]. Hosts who complete their profiles with descriptions, have
positive reviews, and achieve Superhost status further reinforce their credibility [25,26].
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2.3. Occupancy Drivers: Attribute Association Insights

The rise of data analytics and machine learning has transformed how businesses make
decisions. In this data-driven environment, companies increasingly use sophisticated algo-
rithms to convert raw data into actionable insights that shape business strategy and support
better decision-making. Dhillon et al. [27] used multiple machine learning techniques for
Airbnb price predictions and analyzed the models with higher accuracy. Studies on Airbnb
often focus on predicting pricing and understanding the factors that influence the price
of a listing. These models forecast price responsiveness by considering variables such as
location, seasonality, attractions, and property features [28]. Hosts frequently adjust prices
based on seasonal demand, location, events, competitor pricing and booking trends. This
makes the price a moving variable and not a static feature. Airbnb datasets are sourced
from open-source data repositories such as Inside Airbnb [29], which often contain static
data that does not capture time series or seasonal pricing variations.

Although prior literature concentrates on price prediction, more accurate results
could be obtained by incorporating the factors that drive prices, including location and
seasonality. Amenities offered in a listing can significantly influence a guest’s decision to
book. Additionally, the purpose of the trip, whether for tourism or business, affects which
amenities guests consider most important [21]. Customer reviews and host descriptions
come in the form of text data. The number of reviews by a customer on a listing is an
indicator of trust and reliability for potential guests. A high volume of positive reviews may
significantly boost a listing’s attractiveness. The listing description written by hosts helps
shape a guest’s perception of the property. Engaging language can increase the appeal of a
listing and lead to higher occupancy rates [30]. Sentimental analysis of customer reviews
and host descriptions has helped both hosts and Airbnb optimize user experience and
improve business outcomes. Analyzing review data, ratings, and host descriptions helps to
gain insights into guest preferences.

2.4. Research Gaps

Previous research has focused on price prediction and sentiment analysis by under-
standing customer experience through analyzing Airbnb review data and host descriptions.
In contrast, relatively little attention has been paid to the key factors associated with
changes in short-term rental occupancy, leaving a gap in understanding their influence.
This study aims to identify the key attributes that influence occupancy rates by quantifying
property performance and identifying attributes that affect a listing’s occupancy. Table 1
is a list of the literature obtained from previous research on the various attributes that
measure or contribute to the success of Airbnb. The literature has explored each attribute,
such as price, amenities, location, and sentiment, and how each impacts Airbnb listings,
but there remains a lack of integrative studies that directly examine how these attributes
collectively influence Airbnb occupancy.

Table 1. Attributes contributing to Airbnb performance and related literature.

Attribute Literature

Price [17,18,28,31–33]
Amenities [20,21,34]
Location [13,19,35]
Sentiment Analysis [30,36–38]
Host Practices & Verification [22–26]
Reviews & Trust [25,26,30]
Demand & Occupancy Determinants [11,12,14,15]

Most research focuses on pricing strategies or consumer behavior, whereas relatively
few studies have examined the factors associated with occupancy performance, particularly
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using real-world booking or availability data. This study utilizes two ensemble methods
(Random Forest and XGBoost) and unsupervised machine learning (Cluster Analysis) to
analyze the Airbnb listing data. The Airbnb dataset is characterized by high dimensionality,
heterogeneous features, and complex nonlinear relationships, which can be difficult to
model using traditional statistical approaches. Random Forest and XGBoost are ensemble
machine learning methods that combine the outputs of multiple decision trees to capture
complex relationships within the data. To provide a comparative assessment, a Deep Neural
Network (DNN) was also evaluated alongside Random Forest and XGBoost. The DNN was
included to examine whether a deep learning approach could capture additional nonlinear
relationships and interactions within the Airbnb dataset. In addition, cluster analysis is
used to identify underlying patterns and groupings within the dataset without relying
on predefined labels. In this study, cluster analysis is employed to uncover relationships
among listing attributes and determine which characteristics are most strongly associated
with higher occupancy rates.

3. Data
Airbnb does not officially provide open-access datasets for general use. Therefore, this

study used publicly available data obtained from the Inside Airbnb project, which provides
Airbnb listing data for cities worldwide. The datasets used in this study were downloaded
from the Inside Airbnb repository (https://insideairbnb.com/get-the-data/ (accessed on
10 November 2025)). The analysis focuses on U.S. cities with the highest Airbnb listing
densities [3]. Table 2 presents the cities with the greatest number of Airbnb listings per
1000 inhabitants. These data provide insights into the distribution of Airbnb properties
relative to local population size, offering a comparative perspective on short-term rental
density across major urban and tourist destinations in the United States.

Table 2. Airbnb listings per 1000 inhabitants in selected U.S. cities [29].

City State Total Listings
– Hawaii 22.4

New Orleans Louisiana 18.8
Austin Texas 15.3

Nashville Tennessee 13.0
Washington, D.C. District of Columbia 9.5

Seattle Washington 9.0
San Diego California 8.8

San Francisco California 8.5
Denver Colorado 7.5

Portland Oregon 7.3
Las Vegas Nevada 6.9

Boston Massachusetts 5.9
Los Angeles California 5.8

New York City New York 4.9

The selected cities represent a diverse mix of tourism, business, and administrative
destinations within the United States. The analysis focuses on five U.S. cities: Austin, New
Orleans, New York City, Denver, and San Francisco. Each city dataset contains 75 variables,
while the number of observations varies across locations. Austin includes 14,861 listings,
New Orleans 56,783 listings, New York City 39,453 listings, Denver 5388 listings, and San
Francisco 7418 listings. The dataset contains information on host characteristics, listing
details, pricing, guest engagement metrics (e.g., reviews), and property features. It is
heterogeneous in nature, comprising numerical, categorical, and text-based variables.
Amenities are recorded in a JSON (JavaScript Object Notation) format, allowing detailed
information on listing features to be incorporated into the analysis.
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3.1. Data Cleaning and Dimension Reduction

The data-cleaning process involved merging the datasets from the five cities into a
single dataset, making it a total of 73,903 observations and 75 variables. Variables with over
70% missing values, URLs (Uniform Resource Locators), and redundant and irrelevant data
were removed. Listings with a minimum stay of over 10 days (mid-term and long-term
stays) were excluded from this study. Special characters such as “%” and “$” were removed
from numeric variables (e.g., host response rate and price) to facilitate analysis. Boolean
variables were converted into binary indicator variables, while categorical variables with
multiple levels were transformed into factors. To reduce the influence of extreme values,
outliers in the price variable were removed by excluding listings with prices below $50,
above $750, or more than three standard deviations from the mean. Figure 1 illustrates a
right-skewed distribution of listing prices, indicating that most properties are concentrated
in the lower price range, while a smaller number of high-priced listings create a long right
tail. As a result, the mean price exceeds the median, as shown in the descriptive statistics
presented in Table 3. A logarithmic transformation was applied to the price variable, and
Figure 2 shows how the transformation makes the distribution more symmetric, which
brings the mean closer to the median. This approach was chosen to stabilize variance and
mitigate the influence of extreme outliers, ensuring the price distribution was more suitable
for model performance.

 
Figure 1. Price distribution.

 
Figure 2. Log (Price).

The amenities variable has 6464 unique items stored in a JSON format. Text-mining
techniques were applied to extract and process amenity information, resulting in 229 binary
variables representing the presence or absence of individual amenities within each listing.
This transformation enabled a more effective analysis of amenity-related features. To im-
prove model efficiency, redundant variables were removed, while key listing characteristics
and host-related attributes were retained for further analysis.

Following data cleaning and preprocessing, the dataset contained 16,182 observations.
Additional feature selection and dimensionality reduction procedures were then applied to
prepare the data for model development.
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Table 3. Summary statistics of Airbnb dataset.

Attribute N Mean Std Min Pctl. 25 Pctl. 50 Pctl. 75 Max

accommodates 16,182 5 3 1 3 4 6 16
bathrooms 16,182 2 1 0 1 1 2 9
bedrooms 16,182 2 1 1 1 2 3 13

beds 16,182 3 2 1 2 2 3 26
price 16,182 237 170 15 120 181 293 999

minimum_nights 16,182 2 1 1 1 2 2 9
has_availability 16,182 1 0 0 1 1 1 1
availability_30 16,182 14 10 0 5 13 22 30

number_of_reviews 16,182 71 104 1 11 34 85 1834
reviews_per_month 16,182 2 2 0 1 2 3 80

review_scores_rating 16,182 5 0 1 5 5 5 5
review_scores_accuracy 16,182 5 0 1 5 5 5 5

review_scores_cleanliness 16,182 5 0 1 5 5 5 5
review_scores_check-in 16,182 5 0 1 5 5 5 5

review_scores_communication 16,182 5 0 1 5 5 5 5
review_scores_location 16,182 5 0 1 5 5 5 5

review_scores_value 16,182 5 0 1 5 5 5 5
instant_bookable 16,182 0 0 0 0 0 1 1

host_response_rate 16,182 1 0 0 1 1 1 1
host_acceptance_rate 16,182 1 0 0 1 1 1 1
host_is_super_host 16,182 1 0 0 0 1 1 1
host_listings_count 16,182 32 162 0 1 2 10 2766

host_total_listings_count 16,182 57 374 1 2 4 14 9176
host_has_profile_pic 16,182 1 0 0 1 1 1 1

host_identity_verified 16,182 1 0 0 1 1 1 1

3.2. Variable Selection

Variable selection was performed to reduce model complexity, improve interpretability,
and minimize redundancy among predictors [39]. The process involved feature engineering,
correlation analysis, and stepwise selection procedures to identify the variables most
relevant to occupancy rate analysis.

To support the modeling objectives, two derived variables were created: occupancy rate
and amenities count. Occupancy rate was selected as the target variable and was calculated
from the availability_30 variable, which represents the number of days a listing is available
for booking during the next 30 days in the Inside Airbnb dataset. Occupancy rate was then
estimated as the percentage of days booked during that 30-day period:

Occupancy Rate =
(30 − availability30

30
)
× 100

Amenities count represents the total number of amenities available in a listing. This
variable was derived from the text mining analysis of the amenities field, which generated
229 binary variables indicating the presence or absence of individual amenities. The
amenities count was calculated by summing these binary variables for each listing.

Further dimension reduction was performed through correlation analysis by removing
highly correlated variables in guest engagement attributes (reviews) and property features.
Figure 3 presents the correlation matrix for guest-rating variables, including cleanliness,
location, communication, check-in, and overall review score rating. The strong correlations
among these variables suggest the presence of multicollinearity, indicating that they capture
similar aspects of guest satisfaction and may provide overlapping information. Figure 4
presents the correlation matrix for property-related features. Strong correlations were ob-
served among the variables accommodates, beds, and bedrooms, indicating that these variables
capture overlapping information related to property capacity. To reduce multicollinearity
and redundancy, accommodates was retained as the representative measure of property
capacity. Similarly, review_scores_rating was retained as a summary measure of overall
guest satisfaction. The remaining highly correlated variables were excluded from further
analysis to improve model interpretability and performance. Stepwise variable selection
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was applied as a dimensionality reduction technique to identify the most relevant features
based on statistical significance. This process helped simplify the model by removing less
informative variables while retaining those that contributed most to explaining variation in
the target variable [40]. The final dataset contained 42 variables and 16,182 observations.

 

Figure 3. Correlation matrix of guest engagement attribute.

 

Figure 4. Correlation matrix of property features.

The Airbnb listing dataset was then integrated with the amenities dataset for model
development. Based on the feature engineering, correlation analysis, stepwise selection
process, and findings from prior studies, the final set of variables included city, essential
amenities, price, log(price), host response time, host response rate, host acceptance rate, host
is superhost, host listings count, host profile photo, host identity verification status, room
type, accommodates, minimum nights, review scores value, instant bookable status, amenities
count, occupancy rate, and the top 22 amenities identified from the text-mining analysis.

To facilitate data reproducibility, the complete preprocessing workflow consisted of
downloading the raw Inside Airbnb datasets, merging the five city datasets, applying the
data cleaning and preprocessing procedures described above, engineering the occupancy
rate and amenity count variables, and performing feature selection to generate the final
analytical dataset.

4. Methodology
This section outlines the methodology used for the analysis. The Airbnb dataset

comprises heterogeneous data with numerical and categorical variables and complex
feature interactions. Two tree-based ensemble methods, Random Forest and XGBoost, were
selected as the primary analytical models to examine factors associated with occupancy
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rates. Deep Neural Network (DNN) was used as a benchmark model to compare the
core models with more advanced machine learning algorithms and evaluate predictive
performance. Agglomerative hierarchical clustering, a bottom-up clustering approach, was
employed to identify natural groupings within the data and explore attributes associated
with occupancy rates.

Figure 5 shows the modeling framework used for Random Forest and XGBoost. The
cleaned dataset was partitioned into training (70%) and testing (30%) subsets. To ensure
reproducibility of the results, fixed random seeds were used during data partitioning and
model training. A random seed of 42 was used for the Random Forest and Deep Neural
Network analyses, while a seed of 123 was used for the XGBoost analysis. Models were
developed using the training dataset and evaluated using the testing dataset based on
Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE),
and R-squared (R2). The best-performing model was subsequently optimized through
hyperparameter tuning and selected for further analysis.

Figure 5. Proposed methodology: ensemble methods.

To complement the machine learning analysis, hierarchical clustering was applied to
identify groups of listings with similar characteristics. The clustering methodology is shown
in Figure 6. A dendrogram was used to determine the optimal number of clusters, and
cluster profiles were examined by comparing group means to identify attributes associated
with occupancy rates.

 

Figure 6. The proposed methodology: cluster analysis.
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4.1. Model Assumption

Modeling assumptions were established to simplify the analysis and provide a consis-
tent framework for evaluating occupancy rates. These assumptions help focus the analysis
on key variables while improving model interpretability. The assumptions used in this
study are as follows:

• Prices were analyzed as recorded in the dataset and were assumed to remain un-
changed during the observed 30-day availability period.

• Listings with no availability during the 30-day period were assumed to be fully occupied.
• The analysis was limited to short-term rentals with a minimum stay requirement of

10 days or less.

4.2. Random Forest

Random Forest is a tree ensemble machine learning algorithm that is used for classi-
fication and regression tasks. It works by creating a forest of decision trees and merging
their output to improve prediction accuracy [41,42]. Random Forest creates multiple de-
cision trees by bootstrapping data and selecting random subsets of features at each split
to promote diversity. This study uses a regression task for the continuous target variable
occupancy rate; the prediction is the average of all tree outputs.

ŷ =
1
M

M

∑
m=1

fm(x)

where:

• ŷ is the predicted occupancy rate.
• M is the number of trees in the forest.
• fm(x) is the prediction from the mth tree of the features.

To optimize the performance of the Random Forest model, hyperparameter tuning was
conducted using Grid Search with five-fold cross-validation. The hyperparameter search
included the number of trees (n_estimators) with values of 100, 300, and 500; the maximum tree
depth (max_depth) with values of 10, 20, and 30; the minimum number of samples required
to split an internal node (min_samples_split) with values of 5, 10, and 15; and the minimum
number of samples required at a leaf node (min_samples_leaf ) with values of 3, 4, and 5. The
optimal Random Forest model selected by Grid Search used 500 trees, a maximum depth of
20, a minimum sample split of 10, and a minimum leaf size of 3. These hyperparameters were
subsequently used for model evaluation and feature importance analysis.

4.3. XG Boosting

XGBoost (Extreme Gradient Boosting) is a machine learning algorithm that uses an
ensemble of decision trees to improve prediction accuracy. It is based on gradient boosting,
where models are trained sequentially, with each tree focusing on correcting errors made
by the previous tree [43,44].

ŷ =
M

∑
m=1

fm(x)

where:

• ŷ is the predicted occupancy rate.
• M is the number of trees in the model.
• fm(x) is the prediction from the mth tree of the features.

The XGBoost hyperparameters were optimized using Grid Search with five-fold cross-
validation. The hyperparameter search included the number of trees (n_estimators) with
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values of 100, 200, and 300; the maximum depth of trees (max_depth) with values of 3, 5,
and 7; the learning rate (learning_rate) with values of 0.01, 0.1, and 0.2; the subsample ratio
(subsample) with values of 0.7, 0.8, and 1.0; and the column sampling ratio (colsample_bytree)
with values of 0.7, 0.8, and 1.0. The optimal XGBoost model selected by Grid Search used
300 trees, a maximum depth of 7, a learning rate of 0.01, a subsample ratio of 0.8, and a
column sampling ratio of 1.0. The optimal parameter combination is selected based on
the highest cross-validated R2 score, resulting in improved predictive performance and
generalization of the model.

4.4. Cluster Analysis

Hierarchical clustering is an unsupervised machine learning technique used to group
similar objects, data points, or observations into clusters based on certain characteristics or
features. In hierarchical clustering, each data point starts as its own cluster and pairs of
clusters are progressively merged based on similarity. The process continues until all points
are grouped into distinct clusters [45]. The methodology used for this study is Ward’s
method, a variance-minimizing approach to form well-separated clusters. The dataset was
normalized using z-score standardization to re-scale data so that it has a mean of 0 and
a standard deviation of 1. Euclidean distance matrix was used to compute the distance
or similarity between the data points. A dendrogram was used to visualize how the data
points merge into clusters at various similarity levels. The optimal clusters were identified
by cutting the tree at a height where large gaps indicate natural divisions in the data. The

formula for Z-score standardization is zi =
xi − µ

σ
, where xi is the original value, µ is the

mean of the dataset, σ is the standard deviation of the dataset, and zi is the standardized
value (z-score).

The Euclidean distance between two points x = (x1, x2, . . . , xn) and y = (y1, y2, . . .,

yn) in n-dimensional space is given by Distance =
√

∑n
i=1(xi − yi)

2. Hierarchical clustering
provides a clear visualization of how different attributes group together, making it easier
to identify patterns in the data and to explore attributes that are associated with high
occupancy rates. The methodology does not require pre-defining the number of clusters,
offering flexibility in discovering natural groupings.

4.5. Deep Neural Networks Model

Artificial neural network (ANN) is a computational model inspired by the structure
and functioning of the human brain, consisting of interconnected nodes (neurons) organized
in layers. A Deep Neural Network (DNN) is a type of ANN that contains multiple hidden
layers between the input and output, enabling it to learn complex patterns and hierarchical
representations from data. Each layer transforms the input using weighted connections
and nonlinear activation functions, improving the model’s ability to capture intricate
relationships [46]. In this study, DNN hyperparameters were optimized using a Grid
Search procedure that evaluated alternative network architectures, dropout rates, learning
rates, and batch sizes. The hidden-layer structures evaluated included (64, 32) and (128, 64,
32). Dropout rates of 0.2 and 0.3, learning rates of 0.001 and 0.0005, and batch sizes of 32 and
64 were also evaluated. The optimal model consisted of an input layer followed by three
hidden layers containing 128, 64, and 32 neurons, respectively. Rectified Linear Unit (ReLU)
activation functions were used in all hidden layers, while a linear activation function was
used in the output layer for regression. Batch normalization layers were incorporated after
each hidden layer, and a dropout rate of 0.3 was applied for regularization. The network
was trained using the Adam optimizer with a learning rate of 0.0005 and a batch size of 32.
Early stopping with a patience of 10 epochs was implemented to reduce overfitting, and

https://doi.org/10.3390/forecast8040060

https://doi.org/10.3390/forecast8040060


Forecasting 2026, 8, 60 12 of 20

the final model converged after 29 training epochs. Figure 7 illustrates the Deep Neural
Network model process.

Figure 7. The proposed methodology: Deep Neural Network.

5. Results and Discussions
5.1. Model Performance Analysis

Table 4 is a summary of the model performance metrics. The performance of the
Random Forest, DNN, and XGBoost models was evaluated using statistical metrics, Mean
Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and
R-squared (R2). These metrics offer a comprehensive view of the model’s prediction accu-
racy for the continuous target variable. The DNN model was used as a challenger model to
benchmark and test its performance against the traditional ensemble methodologies.

Table 4. Model performance comparison.

Model MAE MSE RMSE R2

Random Forest 22.99 783.07 27.98 23.92%
XGBoost 23.44 794.14 28.18 21.37%

DNN 24.13 845.38 29.08 16.30%
The algorithm with the best performance is shown in bold.

The Random Forest model outperformed both the XGBoost and DNN models across
all metrics, with the lowest MAE (22.99), MSE (783.07), and RMSE (27.98), and the highest
R2 (23.92%). Based on the complexity of the data, a lower MAE and RMSE indicate that
the Random Forest predictions are closer to the actual values. R2 of 23.92% means that
the model explains 23.92% of the variation in the occupancy rates. Therefore, the Random
Forest model is the best choice for this analysis due to its superior predictive accuracy and
is used for further analysis of feature importance.

Figure 8 presents the residual distribution for the Random Forest model. The residuals
are approximately symmetric and centered around zero, suggesting that the model does
not exhibit substantial systematic bias and provides a reasonable fit to the data, although
some unexplained variation remains.
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Figure 8. Residuals plot: Random Forest.

The feature importance plot in Figure 9 for the Random Forest model highlights the
most influential variables in the prediction of occupancy rates. Price is the most signifi-
cant feature, suggesting that pricing strategy plays a critical role in determining booking
performance. This is followed by review_scores_value and host_listings_count, highlighting
the importance of listing quality and host experience. Notably, location-based variables
such as city_New Orleans and city_New York also rank highly, confirming that geographic
factors and travel purpose significantly influence demand patterns. Variables such as
amenities_count, host_acceptance_rate, minimum_nights and accommodates also contributed
to occupancy rate variation, reflecting both listing attractiveness and booking flexibility.
Lower-ranked features, including specific amenities, host_is_superhost, host_identity_verified
and room_type have relatively small individual contributions, indicating that while they
add value, they are less critical compared to core pricing, reputation, and location factors.

Figure 9. Feature importance: Random Forest.

5.2. Association Insights

This section presents the findings from the cluster analysis. The purpose of the analysis
is to identify attributes in the listing dataset that are associated with high occupancy rates.
Figure 10 shows a dendrogram which was used to visualize how the data points merge
into clusters at various similarity levels. The optimal number of clusters was identified
by cutting the tree at a height where large gaps indicate natural divisions in the data. The
longest vertical lines that do not intersect with other lines represent the largest distances at
which clusters are merged. In the case of the Airbnb listing data, the optimal number of
clusters identified is three clusters.
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Figure 10. Dendrogram.

The heat map in Figure 11 illustrates the cluster profiles of the various features,
representing differences in attributes across three distinct clusters. The clusters are color-
coded to show the normalized feature values, ranging from −1 to 1. The warmer colors (red
and beige) indicate higher values, where the variable values are relatively high. The cooler
colors (blue and white) indicate lower values, where the variable values are relatively low.
Table 5 is a summary of the cluster profiles highlighting unique characteristics across three
distinct groups.

Figure 11. Heatmap showing the profiles of the identified clusters.

Cluster 1 exhibits casual and selective hosts who prioritize accepting only select guests
and maintaining a less automated hosting approach. The listings require longer stays (high
minimum nights) and are not instantly bookable, with lower acceptance and response
rates. Cluster 1 is characterized by relatively low occupancy rates. Listings in this cluster
are more commonly associated with private rooms, stricter minimum-night requirements,
and a limited set of essential amenities. Occupancy rates and prices remain moderate,
indicating that these characteristics are associated with lower utilization compared with the
other clusters.

Cluster 2 is characterized by high occupancy rates, moderate pricing, short minimum-
night requirements, and smaller accommodation capacity. The host prioritizes faster
turnover with faster verifications done over the phone or by prompt email responses.
Cluster 2 is the largest group in terms of the number of observations, suggesting that the
hosts who dominate the Airbnb landscape aim for high-volume turnovers with moderate
prices, also providing more amenities rather than just Airbnb essentials. Listings in this
cluster are distributed across all major cities included in the study, including New York City,
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San Francisco, New Orleans, and Denver, suggesting that this listing profile is prevalent
across multiple markets.

Table 5. Cluster profiles.

Cluster Observations High Low

Cluster 1: Casual &
Selective Hosts 755

Email and Phone Verifications, Minimum Nights,
Room type—Private Room Host Listing Counts,

Response Time (Day, Few Hours, Few Days),
Essentials, city—New York and city—San Francisco

Host Acceptance Rates, Host
Response Rate, Instant Bookable,
Host is Super Host, Occupancy

Rates, Amenities, Prices

Cluster 2: Moderately
Priced, Frequently Booked

Listings
12,917

Phone and email Verifications, Private, Room &
Hotel Room, Response within an hour (moderate),

city—New York and city—San Francisco, city—New
Orleans and city—Denver, Amenities, Occupancy

Rates, Host Identity Verified, Response Rates, Host is
Super host, Review Scores Value

Minimum Nights, Prices,
Capacity (Accommodates), Price

(low to moderate)

Cluster 3: Premium &
Professional Hosts 2510

Prices, Capacity (Accommodates), Host Verifications
(Work Email and Phone), Host Identity Verified,
Response Rates, Host has profile picture, Review
Score Value, Instant Bookable, Essentials, Host

Identity Verified, Response Rates, Host is Super host,
city—New Orleans and city—Denver

Occupancy Rates, Host
Verifications (Email and Phone),
city—New York and city—San

Francisco

Cluster 3 is characterized by hosts with verified identities, high response rates, and
more complete profiles, including profile pictures and verification credentials. Listings in
this cluster tend to accommodate more guests and have higher prices, representing the
highest-priced segment among the identified clusters. These listings are also more likely
to offer instant booking and receive higher review scores. Cluster 3 is most prevalent in
New Orleans and Denver, indicating that these markets contain a greater concentration of
listings with these characteristics.

Table 6 presents the cluster means, which summarizes the average values of the variables
within each cluster. Cluster 2 contains 12,917 observations and represents the majority of
listings in the dataset. This cluster is characterized by moderately priced accommodations,
shorter minimum-night requirements, a broader range of amenities, and the highest average
occupancy rate (57%) among the three clusters. Cluster 1 is characterized by moderate prices,
stricter minimum-night requirements, and a more limited set of amenities. In contrast, Cluster
3 represents the highest-priced listings, with an average price of $465 per night. Listings in this
cluster tend to accommodate more guests and are more likely to have verified host profiles,
higher response rates, and instant-booking availability.

Table 6. Cluster means.

Attribute Mean Lower (95%CI) Upper (95%CI)
Occupancy Rate Cluster 1 47 45 50

Cluster 2 57 56 57
Cluster 3 46 45 47

Accommodates (capacity) Cluster 1 5 5 5
Cluster 2 4 4 4
Cluster 3 9 9 10

Minimum nights Cluster 1 2 2 2
Cluster 2 2 2 2
Cluster 3 2 2 2

Price Cluster 1 286 273 299
Cluster 2 190 188 192
Cluster 3 465 456 474

Amenities Cluster 1 38 37 39
Cluster 2 39 39 39
Cluster 3 39 38 39
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6. Discussion
This study examined factors associated with Airbnb occupancy rates using data-

driven analytical methods. As shown in Table 4, Random Forest achieved the best overall
performance among the models evaluated, with the lowest MAE (22.99), MSE (783.07), and
RMSE (27.98), and the highest R2 value (23.92%). These results indicate that the Random
Forest model explained a greater proportion of the variation in occupancy rates than the
Neural Network (16.30%) and XGBoost (21.37%). However, the relatively low R2 values
suggest that a substantial portion of the variation in occupancy rates remains unexplained.

The relatively modest explanatory power of the models suggests that additional
factors not included in the dataset may contribute to variation in occupancy rates. Variables
such as seasonality, local events, competition, and other market conditions may provide
further insight into booking patterns. The feature importance analysis identified price, city,
listing capacity, amenities, and host response rate as the strongest predictors of occupancy rate
variation. In contrast, host characteristics such as superhost status and identity verification
were less influential in the model. These findings suggest that listing attributes and location-
related factors may play a larger role in explaining occupancy rate variation than certain
host characteristics.

The cluster analysis complements these findings by identifying listing profiles that
share characteristics associated with higher occupancy rates. As shown in Tables 5 and 6,
Cluster 2 represents the largest group in the dataset (12,917 observations) and exhibits the
highest average occupancy rate (57%), exceeding the national Airbnb and Vrbo average
occupancy rate of 54.3% reported by AirDNA [47]. Listings in this cluster are generally
moderately priced, accommodate fewer guests, offer a broader range of amenities, and are
associated with higher host response rates. These characteristics closely align with the vari-
ables identified as important in the Random Forest analysis, providing additional support
for their association with occupancy rates. Together, the machine learning and clustering
results suggest that pricing, listing capacity, amenities, location, and host responsiveness
are consistently associated with occupancy rate variation across the analyzed dataset.

7. Conclusions
This study used data mining and machine learning techniques to identify the key

attributes associated with short-term rental occupancy rates. Through detailed analysis
and interpretation, the key insights highlighted that price, location (city), property capacity
(accommodates) and host response time were among the variables most strongly associated
with occupancy rate variation. These findings were further supported by the cluster
analysis, which identified higher-occupancy listing profiles characterized by moderate
pricing, smaller accommodation capacity, a broader range of amenities, and higher host
responsiveness.

The findings of this study contribute to the growing body of literature on factors
associated with short-term rental occupancy rates. Consistent with previous research, the
results suggest that pricing, location, listing capacity, amenities, and host responsiveness
are important characteristics associated with occupancy rate variation. The cluster analysis
further indicates that higher-occupancy listings tend to be moderately priced, accommodate
fewer guests, offer a broader range of amenities, and have higher host response rates. In
contrast, larger and higher-priced properties were not consistently associated with higher
occupancy rates. These findings highlight the importance of considering multiple listing
and host characteristics when evaluating short-term rental performance.

However, the relatively low explanatory power of the models suggests that additional
factors, such as seasonality, local events, competition, and market conditions, may also
play an important role in occupancy rate variation. For example, New Orleans, one of
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the cities included in this study, experiences strong tourism demand associated with
cultural attractions, festivals, and seasonal events. According to available market statistics,
listings in New Orleans achieve an average occupancy rate of approximately 58%, with
seasonal demand peaks occurring during major tourism periods [48]. Such location-
specific and temporal factors were not included in the present analysis and may partially
explain the unexplained variation in occupancy rates. Future studies could improve
model performance by incorporating neighborhood-level characteristics, seasonal demand
indicators, and local market conditions.

Guest-related variables, including host response rate, host verification status, and review
score value, were associated with occupancy rate variation in the analyzed dataset. These
variables may provide useful information about listing quality, host engagement, and
guest experiences. However, review-based metrics should be interpreted with caution, as
they may reflect past occupancy patterns rather than independently explain occupancy
rates. Figure 12 illustrates the relationship between review score values and occupancy rates.
Most listings in the dataset received high review scores regardless of their occupancy
rates, indicating limited variation in review ratings across listings. This concentration of
positive ratings may reduce the ability of review scores to distinguish between higher-
and lower-performing listings. Furthermore, review score values summarize overall guest
evaluations but may not fully capture the context contained in written reviews. As a result,
important information about guest experiences may be overlooked when relying solely on
numerical review ratings [49].

Figure 12. Review score rating analysis.

Future research could examine the relationship between written reviews and numeri-
cal review ratings to better understand how guest feedback is represented on short-term
rental platforms. Natural Language Processing (NLP) techniques, such as sentiment analy-
sis, could be used to assign sentiment scores to written reviews and compare them with
the corresponding numerical ratings. This approach may help identify inconsistencies
between review text and assigned ratings, providing additional insight into guest expe-
riences and the reliability of review-based measures. Advanced language models, such
as Bidirectional Encoder Representations from Transformers (BERT), may be particularly
useful for capturing the context and sentiment expressed in detailed reviews.

Future studies could also investigate temporal aspects of guest feedback. While
listings accumulate reviews over time, the total number of reviews may not accurately
reflect current guest experiences. Incorporating time-sensitive measures, such as recent
review activity or reviews per month, may provide a more current representation of
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guest perceptions and allow for fairer comparisons across listings with different ages and
review histories.
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