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Abstract

The research uses data mining techniques to predict Airbnb listing prices and iden-
tify market segments in the New York City short-term rental market. Using the
AB_NYC_2019 dataset, which contains 48,895 listings, the research employs supervised
classification via Random Forest and Logistic Regression algorithms, as well as unsu-
pervised clustering via K-Means, to discover operational patterns among hosts. Data
cleaning and exploratory analysis revealed that room type and neighbourhood location
are the most important price determinants, with entire apartments commanding higher
prices than private rooms, and Manhattan and Brooklyn locations commanding pre-
mium prices. Random Forest had 68.99% classification accuracy compared to 64.75%
for Logistic Regression, but both algorithms struggled with the premium price category
due to class imbalance. K-Means clustering showed three distinct market segments:
traditional sharing homes operating private rooms in Brooklyn, semi-professional hosts
managing entire apartments in Queens with high availability, and commercial multi-
listing operators in Manhattan managing large portfolios.The findings show that the
Airbnb market is diverse, with various host types pursuing different strategies, and
that combining supervised and unsupervised learning yields complementary insights
into market structure. These findings have practical implications for hosts looking to
position their listings more competitively, as well as policymakers developing regula-

tions that distinguish between occasional home-sharing and commercial operations.
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Chapter 1

Introduction

1.1 Context and Background

The rapid growth of peer-to-peer accommodation platforms has presented hosts with
complex pricing challenges, as they must independently determine competitive rates
in the absence of common guidance systems. Recent studies on Airbnb markets
have identified that listing prices are influenced by multiple interacting factors such
as property location, room type, host characteristics, and temporal availability pat-
terns. These relationships vary significantly across different urban contexts. The
AB_NYC_2019 dataset is one of the most comprehensive publicly available snapshots
of short-term rental markets, containing over 48,000 listings across New York City’s
five boroughs with detailed attributes such as geographical coordinates, pricing struc-
tures, review metrics, and host information. Understanding how to effectively classify
these listings and identify underlying markets has become critical for both individual
hosts looking for pricing strategies and platforms looking to keep their marketplaces

competitive[l],[4],[15].

1.2 Research Gap and Approach

Previous machine learning applications on Airbnb data have primarily focused on price
prediction using regression techniques, with models ranging from linear regression to
ensemble methods like Random Forest and Gradient Boosting, achieving varying de-
grees of accuracy depending on feature engineering and dataset characteristics . How-
ever, divide listings into distinct price categories and using unsupervised clustering to
reveal natural market segments represents an unexplored but potentially more action-

able approach to strategic decision-making. The AB_NYC_2019 dataset is analyzed
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using a dual-method framework that includes supervised classification using Random
Forest and Logistic Regression models, as well as unsupervised learning using K-Means

clustering [11],[16].

1.3 Research and Aim Objectives

The goal of this study is to use data mining techniques on the AB_NYC_2019 dataset
to create classification models that predict Airbnb listing price categories and identify
natural market segments using unsupervised clustering. The research objectives are
threefold: First, to implement and evaluate supervised classification models includ-
ing Random Forest and Logistic Regression for categorizing listings into distinct price
bands based on property, location, and host attributes, and to assess their performance
using standard metrics such as accuracy, precision, recall, and F1l-score. Second, to
apply K-Means clustering to uncover underlying groupings within the New York City
Airbnb market, and examine.Third, to interpret the results of both classification and
clustering in a business context, providing actionable insights for hosts seeking to opti-

mize pricing strategies and platform operators aiming to understand market structure.

7] 91 12].

1.4 Significance of the Research

This study adds to the growing literature on data-driven decision-making in peer-to-
peer accommodation markets. It shows how classification and clustering techniques
can be combined to provide predictive and descriptive insights into Airbnb pricing and
market structure. This study’s classification models provide hosts with a systematic
framework to determine their listing’s price category based on observable characteris-
tics, allowing for more informed pricing decisions without platforms offering guidance
tools. [L1][15][L6].

The clustering analysis reveals natural market segments within New York City’s short-
term rental landscape, highlighting how different types of properties and host strategies
coexist within the same platform. This information can inform individual host position

and platform policy design. The research demonstrates the value of integrating super-
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vised and unsupervised learning approaches, and applies established best practices for
data cleaning, exploratory analysis, and algorithm selection to a real-world dataset.
This demonstrates a practical workflow for similar analyses in other urban contexts or

on other sharing economy platforms [I][3][L0].
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Literature Review

Research on Airbnb pricing has consistently found that listing prices vary by a variety
of factors, including property characteristics, locational attributes, host involvement
levels, reputation signals, and rental policies, with the relative importance of these
determinants varying by geographical market and city type. Empirical research using
hedonic regression approaches has shown that variables such as room type, property
size, proximity to city centers, neighborhood income levels, and host response rates all
exert significant effects on nightly rates. Models that account for spatial heterogeneity
perform better than those assuming uniform price structures across regions [4][15].
Studies on predicting Airbnb prices in various urban contexts revealed distinct patterns
across cities. According to research conducted in New York City, borough location,
property type, and economic variables are strong predictors of listing prices, with Man-
hattan commanding significantly higher rates than the outer boroughs. Research on
the London and Amsterdam markets has highlighted the importance of seasonal varia-
tions, holidays, and local demand fluctuations in determining optimal pricing strategies.
Some studies have found that hosts frequently lack access to free and accurate pricing
tools, despite the complexity of determining competitive rates [14][15][16].

The methodological foundations for supervised classification in this study are based on
studies of Random Forest algorithms and their application to prediction tasks. Ran-
dom Forest is an ensemble learning method that uses training data to build multiple
decision trees and then uses a majority vote across trees to determine the output.
The method provides internal validation via out-of-bag error estimation, which uses
replacement samples from the training set to test each tree on samples not used in its
construction, eliminating the need for a separate validation set. Random Forest can

handle non-linear relationships, high-dimensional feature spaces, and predict outliers
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or minority classes when properly configured [7].

However, in imbalanced datasets, traditional Random Forest methods may exhibit
bias towards majority classes, resulting in poor recall for minority categories. This
limitation has prompted the development of improved variants such as HCRF, which
combines two key mechanisms to improve classification performance on imbalanced
data: random hybrid-resampling and a cost function that favours minority classes.
The hybrid resampling approach adjusts training distributions by oversampling mi-
nority classes and decreasing majority classes, while the cost function punishes mis-
classification of minority instances. Experiments on imbalanced benchmark datasets
showed that HCRF achieved better Fl-scores and minority class recall compared to
standard Random Forest. This demonstrates that targeted modifications can address
the inherent bias of ensemble methods towards dominant classes [§].

K-Means clustering is still a popular method for detecting natural groupings within
data in unsupervised learning, but standard implementations have well-known limita-
tions such as sensitivity to initial centroid placement and difficulty determining the
optimal number of clusters. Research on improved K-Means algorithms has addressed
these issues in two ways: using the elbow rule to identify appropriate k values based on
within-cluster sum of squares, and employing distance-based initialization strategies
that select initial centroids far apart to avoid local optima. The improved method
calculates the distance between each data point and previously selected centroids, then
selects new centroids from points that are the furthest away from existing ones. In
comparison to standard random initialization, this improved K-Means achieved better
convergence stability and a lower final within-cluster sum of squares, according to ex-
perimental results on both synthetic and real datasets.This makes it more appropriate
for exploratory clustering where the true number of groups is unknown [9].

Building on these determinant studies, several researchers created machine learning
models to predict Airbnb prices based on structured listing features, using algorithms
ranging from linear regression and structured regression variants to ensemble methods
like Random Forest, Gradient Boosting, and XGBoost. After applying predictive mod-

els, these studies usually begin with extensive data cleaning and exploratory analysis
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to handle missing values, remove outliers, and engineer relevant features. One analysis
of Airbnb pricing using machine learning techniques performed descriptive, prescrip-
tive, and exploratory analysis before applying linear regression, logistic regression, and
Random Forest models. This highlights the importance of careful preprocessing for
achieving robust predictions [I1].

instead of predicting continuous price values, complementary research has used machine
learning to classify Airbnb listings into meaningful segments based on neighbourhood
attributes and listing features. One study created a machine-learning-based catego-
rization system for New York City listings that classified properties by neighbourhood
group, room type, minimum nights, availability, and review metrics. This approach
demonstrated that supervised classification techniques can reveal structure within large
platform datasets, helping understand how different listing types and host strategies
coexist within the same marketplace, providing insights that go beyond simple price
prediction to examine market composition and competitive dynamics [12].

Another line of research has looked into listing survival during external shocks, using
survival analysis to determine which Airbnb properties in New York City remained
active during the Covid-19 pandemic. The study discovered that characteristics such
as review counts, host responsiveness, room type, and neighbourhood location were all
significant predictors of continued operation, with entire homes in high-demand areas
outperforming shared rooms in peripheral neighbourhoods. This survival-oriented per-
spective that listing characteristics influence not only pricing and demand, but also the
fundamental ability of properties to remain competitive during severe market down-
turns [13].

A study compared k-Nearest Neighbours, multiple linear regression, LASSO, Ridge,
Random Forest, Gradient Boosting, and XGBoost to Amsterdam Airbnb data. XG-
Boost showed the best performance with a R? score of 0.6321 and RMSE of 59.97 af-
ter systematic hyperparameter tuning using cross-validation and random search. The
study compared regularized regression methods, which help prevent overfitting by pe-
nalizing large coefficients, with combinations of techniques, which combine multiple

weak learners to produce stronger predictions. XGBoost outperformed regularized re-
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gression and alternative ensemble approaches, demonstrating that advanced boosting
techniques can capture complex non-linear relationships between listing attributes and
prices more effectively than simpler models when properly tuned [16].

Beyond price prediction, studies have looked into how Airbnb listings are distributed in
urban areas and how host participation patterns change over time in response to sociol-
economic and regulatory factors. A spatiotemporal analysis of Airbnb activity in San
Francisco examined how listings emerged and spread across neighbourhoods between
2009 and 2015, revealing that host participation was strongly correlated with median
household income, home-ownership rates, and proximity to tourist attractions, and
that low-income neighbourhoods saw faster growth in commercial multi-listing hosts
than wealthier areas where single-property hosts predominated. This study found that
Airbnb’s market structure reflects sociol-economic divides, with different types of hosts
and listing strategies clustering in different areas of the city [5].

Efficient EDA frameworks may effectively manage relatively big datasets by convert-
ing dataframe operations into optimized database queries, as shown by research on
exploratory data analysis utilizing database-backed dataframe libraries. By using
PolyFrame to perform iterative cleaning, transformation, and aggregation without
creating complicated distributed system infrastructure, data scientists were able to
achieve performance on datasets with hundreds of thousands of rows that was either
on par with or better than that of well-known dataframe libraries like Pandas and
Dask, according to a case study that applied PolyFrame to Airbnb data. According
to the study, database-backed approaches provide a useful compromise between single-
machine tools and full distributed computing frameworks for moderately scaled data
science tasks . This is because end-to-end exploratory workflows involving data load-
ing, filtering, grouping, aggregation, and visualization preparation benefit from query
optimization techniques traditionally used in database systems [1].

Effective application of machine learning models to real-world datasets requires care-
ful data preparation, such as handling missing values, detecting and treating outliers,
normalizing feature scales, and conducting exploratory data analysis to understand

distributional properties and variables. Data cleaning research in quantitative studies
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emphasizes the need to handle missing values systematically using methods such as
deletion, mean or median calculation, or model-based imputation, depending on the
missingness mechanism. Outliers should be identified using statistical criteria such as
z-scores or median ranges, and then removed, transformed, or retained depending on
whether they represent measurement errors or true extreme values. Data cleaning is
an important requirement for trustworthy quantitative analysis, as the study points
out that improper management of missing data and outliers can result in incorrect

parameter estimations, decreased statistical power, and incorrect results [3].
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Methodology

This study uses a structured data mining workflow for the AB_NYC_2019 dataset,
including data collection, cleaning, exploratory analysis, supervised classification, and
unsupervised clustering. The methodology uses established quantitative data handling
practices and machine learning algorithms to gain predictive and descriptive insights

into Airbnb pricing patterns and market structure in New York City [1][3].

3.1 Data Collection

The AB.NYC_2019 dataset was obtained from Kaggle and contains 48,895 Airbnb
listings across New York City’s five boroughs. It includes 16 variables such as listing
identifiers, host information, geographical coordinates, neighbourhood classifications,
room type, price, minimum nights, review metrics, availability, and host listing counts.
This dataset provides a comprehensive snapshot of New York City’s short-term rental

market, serving as the foundation for both supervised and unsupervised learning tasks

.

3.2 Data Cleaning

Data cleaning was done in a systematic manner to address missing values and re-
move unimportant or low-quality records. Missing value analysis with Python’s pan-
das library revealed that the name column had 16 missing entries, host_name had 21
missing entries, and last_review and reviews_per_month had 10,052 missing entries.
Columns that do not contribute to analytical objectives, such as id, name, host_name,
and last_review, were removed because they either serve as identifiers or contain a
large amount of missing data, compromising analysis quality. Missing values in the

reviews_per_month variable were imputed with zero, assuming that listings with no
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recorded reviews have no review activity per month. Duplicate records and invalid
entries were identified and removed to ensure data accuracy. After cleaning, the final
dataset had 48,885 rows.Duplicate records and invalid entries were identified and re-
moved to ensure data accuracy. After cleaning, the final dataset had 48,885 rows and

12 columns, with a loss of only 10 records from the original dataset[3].

3.3 Exploratory Data Analysis

Exploratory data analysis was used to better understand the distribution of key
variables, identify relationships between features, and visualize patterns in the dataset.
Univariate analysis looked at single variables to understand their distributions. A
bar chart was used to visualize the distribution of room types, revealing that private
rooms and entire home or apartment listings are the most common, with shared rooms
accounting for the smallest segment of the market. A histogram was used to examine
the distribution of listing prices, and it revealed that the majority of listings are priced
below $200 per night, indicating that most travelers can afford it. A bar chart was
used to analyze the distribution of listings by neighbourhood group, revealing that
Manhattan and Brooklyn have the highest concentration of listings, indicating their

popularity with tourists[1].

Multivariate analysis looked at the relationships between multiple variables to see what
factors impact price and market structure. Box plots were used to examine price
distribution by room type, revealing that entire home or apartment listings command
the highest average prices, while private rooms and shared rooms are less expensive
options, confirming that room type is a major determinant of listing price. Price
variation across neighbourhood groups was examined using box plots, which revealed
that Manhattan and Brooklyn have significantly higher median prices than Queens, the
Bronx, and Staten Island, reflecting differences in demand and tourism concentration
across boroughs. A scatter plot examining the relationship between price and number
of reviews revealed that listings with more reviews tend to have lower prices, meaning

that low-cost options receive more bookings, whereas high-cost listings accumulate
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fewer reviews over time. The correlation analysis between numerical variables was
performed and visualised using a heatmap, revealing that minimum nights required has
the strongest relationship with pricing among continuous variables, while availability

shows the lowest correlation with other features [I][11].

3.4 Supervised Classification

The continuous price variable was transformed into independent price categories for the
supervised learning component, which framed the problem as a classification task. The
prepared dataset was imported into Weka, a popular machine learning software plat-
form that includes implementations of various classification algorithms as well as tools
for model evaluation and comparison. Weka used multiple classification algorithms
to predict price categories based on listing attributes like neighbourhood group, room
type, geographical coordinates, minimum nights, review metrics, host listing counts,
and availability. The tested classifiers include decision tree and Logistic regression,

allowing for systematic comparison of algorithm performance on this dataset [7][10].

3.5 Unsupervised Classification

For the unsupervised learning component, K-Means clustering was used in Weka to
find natural groupings within the dataset without using price labels as supervisory
information. Clustering features include neighbourhood group, room type, geographi-
cal coordinates, minimum nights, review metrics, host listing counts, and availability,
which enable the algorithm to identify market segments based on the intrinsic simi-
larity of listings across these attributes. Prior to clustering, numerical features were
normalized to ensure that variables measured on different scales contribute equally to
the Euclidean distance calculations used by K-Means to assign clusters. The optimal
number of clusters was determined by examining clustering quality metrics such as
within-cluster sum of squares across different k values and using the elbow rule to
identify the point at which additional clusters provide diminishing improvements in
compactness. Weka’s K-Means implementation was optimized with proper initializa-

tion and iteration settings to enhance convergence stability [9].
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3.6 Result Analysis

After clusters were identified, they were characterized by examining the distribution
of features within each cluster and comparing these distributions across clusters to
determine whether natural market segments correspond to price levels, geographical
areas, property types, or combinations of these factors. The performance of several
categorization algorithms was carefully evaluated using accuracy, precision, recall, and
F1-score criteria. The results were analyzed to identify which features are more pre-
dictive of price categories, which algorithms achieve the best balance of overall perfor-
mance and minority class recognition, and what patterns develop from unsupervised
clustering that shed light on the structure of the New York City short-term rental
market [11][12].
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Results

4.1 Classification Performance Comparison

Two supervised classification algorithms, Random Forest and Logistic Regression, were
used to predict Airbnb listing price categories on the AB_.NYC_2019 dataset, with a
70/30 train-test split. The price categories included low, medium, high, and premium
price bands, reflecting different market segments within New York City’s short-term

rental marketplace [7][10].

As shown in table 4.1, Random Forest achieved an overall classification accuracy of
68.99% on the test set of 14,668 instances, correctly classifying 10,120 of them. The
Kappa statistic of 0.5053 indicates moderate agreement between predicted and actual
categories that exceeds chance. The weighted average performance metrics show a
precision of 0.685, recall of 0.690, and F-measure of 0.682, with a ROC area of 0.859
indicating strong discriminative ability across classes. When performance is examined
by price category, Random Forest scored best on low-priced items (recall of 0.840 and
F-measure of 0.827), followed by medium-priced listings (recall of 0.662 and F-measure
of 0.620). The performance on high-priced listings was moderate with recall of 0.432
and F-measure of 0.492, while premium-priced listings proved most challenging with
recall of only 0.094 and F-measure of 0.158, indicating the difficulty of predicting the

smallest and most exclusive market segment [7][g].

On the same test set, Logistic Regression correctly classified 9,500 listings, resulting
in an overall classification accuracy of 64.75%. The Kappa statistic of 0.4261 indicates
moderate agreement, albeit slightly lower than Random Forest. The weighted average
performance metrics have a precision of 0.644, recall of 0.648, and F-measure of 0.644,

with a ROC area of 0.836. Logistic Regression performed best on low-priced listings
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(recall = 0.818, F-measure = 0.800), followed by medium-priced listings (recall = 0.608,
F-measure = 0.583). High-priced listings performed poorly, with a recall of 0.355 and
an F-measure of 0.427, while premium listings proved the most difficult, with a recall
of 0.065 and an F-measure of 0.119. Random Forest outperformed Logistic Regres-
sion in all price categories and accuracy measures, with considerable increases in high
and premium category recall. However, both models struggled with the imbalanced

premium class [8][10].

Table 4.1: Classification Performance Comparison: Random Forest vs Logistic Regres-
sion

Metric Random Forest | Logistic Regression
Accuracy 68.99 64.75
Kappa Statistic 0.5053 0.4261
Precision 0.685 0.644
Recall 0.690 0.648
F-Measure 0.682 0.644
ROC Area 0.859 0.836
Correctly Classified 10,120 9,500
Incorrectly Classified 4,548 5,168
Total Instances 14,668 14,668

As shown in the Table 4.2, that both classifiers make similar errors, frequently iden-
tifying medium and high-priced listings as low-priced and failing to correctly identify
premium listings due to their low representation in the dataset. According to Ran-
dom Forest’s confusion matrix, 3,366 of 5,087 medium-priced listings were correctly
classified, while 1,094 were misclassified as low price. For high-priced listings, 1,126
of 2,607 were correct, with 1,310 misclassified as medium and 147 as low. Only 29 of
308 premium listings were correctly classified, with the vast majority misclassified as
high or medium. These patterns confirm that class imbalance, especially the scarcity
of premium listings, poses a significant challenge for both algorithms, consistent with

research on imbalanced classification problems [g].
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Table 4.2: Confusion Matrix

Actual / Predicted | Medium | High | Low | Premium | Total
Medium 3,366 622 | 1,094 ) 5,087
High 1,310 | 1,126 | 147 24 2,607
Low 1,000 65 | 5,599 2 6,666
Premium 94 157 28 29 308

4.2 K-Means Clustering Analysis

K-Means clustering with k=3 was used to identify natural market segments in the
dataset without using price labels as supervisory information. The algorithm converged
after 8 iterations, with a within-cluster sum of squared errors of 72,006.66, indicating
that the three identified clusters were reasonably compact. The clustering distributed
listings into three segments: Cluster 0 with 23,888 listings (49 %), Cluster 1 with 6,812
listings (14%), and Cluster 2 with 18,195 listings (37%) [9].

Table 4.3: K-Means Clustering Results:

Characteristic | Cluster 0 Cluster 1 Cluster 2
Size (listings) 23,888 (49%) 6,812 (14%) 18,195 (37%)
Location Brooklyn Queens Manhattan
Neighbourhood | Williamsburg Astoria Harlem
Room Type Private room | Entire home/apt | Entire home/apt
Min. Nights 5.3 6.6 9.4
Reviews 20.3 38.0 21.7
Reviews/Month 0.98 1.68 1.02

Host Listings 2.2 3.7 15.0
Availability 67.7 216.9 133.0

Cluster centroids analysis reveals distinct market segments based on geographical lo-
cation, room type, and host behaviour. Cluster 0, the largest segment, is located in
Brooklyn’s Williamsburg neighbourhood and is primarily made up of private rooms
with relatively short minimum stay requirements (5.3 nights on average), moderate
review counts (20.3 reviews), low host listing counts (2.2 listings per host), and lim-
ited availability (67.7 days per year). This profile suggests individual hosts offering
spare rooms in their primary residences with selective availability, reflecting the classic

peer-to-peer sharing model that Airbnb was originally designed to facilitate [5].
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Cluster 1, the smallest segment, is located in Queens’ Astoria neighbourhood and
is primarily made up of entire home or apartment rentals with moderate minimum
nights (6.6), the highest review activity (38.0 reviews and 1.68 reviews per month),
moderate host listing counts (3.7) and the highest availability (216.9 days). This
cluster represents mid-market entire-unit rentals operated by hosts who maintain a few
properties with high availability and strong review performance, indicating professional
or semi-professional hosts who prioritize guest satisfaction and consistent occupancy
[12).

Cluster 2, the second-largest segment, is centered on Manhattan’s Harlem neighbour-
hood and consists of entire home or apartment rentals with longer minimum stay re-
quirements (9.4 nights), moderate review counts (21.7), the highest host listing counts
(15.0) and moderate availability (133.0 days). This profile suggests commercial multi-
listing hosts who manage portfolios of properties in Manhattan with longer stay re-
quirements, potentially attracting to extended business travelers or tourists looking for
weekly rentals rather than nightly bookings. The high number of host listings indicates
that this cluster captures the commercial short-term rental sector, which has generated
regulatory concern in many cities [5][13].

Comparing the clustering results to the classification problem demonstrates that K-
Means’ natural market groups do not precisely correlate with pricing categories, but
rather reflect a combination of geographical location, property type, host strategy,
and operational characteristics. This research shows that Airbnb market structure is
complex, with pricing being one factor among others that define competitive positioning

and market segmentation [12].
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Discussion

5.1 Classification Performance Comparison

Random Forest outperformed Logistic Regression in all metrics, with 68.99% accu-
racy compared to 64.75%. This performance advantage is due to Random Forest’s
ability to capture non-linear relationships via its ensemble of decision trees, whereas
Logistic Regression assumes linear separation between classes. Previous studies have
found that ensemble methods achieve superior accuracy on complex classification tasks,

particularly when feature interactions influence outcomes [10].

The moderate Kappa statistics for both models (0.51 for Random Forest, 0.43 for
Logistic Regression) show a significant improvement over random classification, but
there is still room for improvement. Both algorithms struggled in the premium price
category, with recall rates below 0.10 despite acceptable performance in other classes.
This pattern is typical of imbalanced classification problems, where standard algorithms
prioritize overall accuracy by insisting on majority classes at the expense of minority

class recognition [§].

The confusion matrix reveal calculated misclassification patterns, with medium and
high-priced listings frequently misidentified as lower-priced categories. This suggests
that there is significant overlap in the feature space, with listings in adjacent price
bands sharing similar observable characteristics. The overlap is most likely explained
by the dataset’s limited feature set, which lacks attributes such as interior quality,
specific amenities, and host reputation that distinguish similarly located properties.
According to a study, structured listing metadata alone cannot accurately predict price

categories [L1].

17
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5.2 Market Segmentation

K-Means clustering revealed three distinct market segments that reflect various op-
erational models. Cluster 0, which contains 49% of listings, represents traditional
home-sharing with private rooms in Brooklyn, operated by hosts with small portfolios
and selective availability, in line with the peer-to-peer vision of residents monetizing
spare capacity in their primary residences. Cluster 1, which accounts for 14%, consists
of entire Queens apartments with high review frequency and year-round availability,
indicating semi-professional hosts managing small portfolios with an emphasis on oc-
cupancy and guest satisfaction. Cluster 2 accounts for 37% of the commercial sector
in Manhattan, where hosts operate portfolios averaging 15 properties with longer min-
imum stays, indicating professional management aimed at extended-stay guests. This
pattern reflects concerns about large-scale commercial operations and reduced long-

term rental availability [5][12][13].

These segments demonstrate that market structure is multidimensional, including lo-
cation, property type, host strategy, availability patterns, and pricing. For hosts, com-
petitive positioning requires alignment across multiple operational dimensions rather
than price optimization alone. For policymakers, the distinct typologies suggest that

undifferentiated regulatory approaches may treat dissimilar operations equally [12].

5.3 Determinants of Price Classification

Exploratory analysis confirmed that room type and neighbourhood location are the pri-
mary price determinants, in line with previous unconventional pricing research. Entire
apartments are significantly more expensive than private rooms, and Manhattan and
Brooklyn have higher prices than the outer boroughs. The inverse relationship between
review counts and prices implies that affordability drives booking frequency, creating a
feedback mechanism where lower-priced listings accumulate social proof more quickly
).

However, moderate classification accuracy indicates that observable features account

for only a portion of the variance in price categories. Unobserved factors such as
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amenities, interior condition, precise location relative to transportation and attrac-
tions, and host responsiveness likely contribute significantly to price differentiation,
suggesting that incorporating richer feature sets could meaningfully improve predictive

performance [IT][16].

5.4 Limitations and research extensions

Several limitations limit these findings. The dataset is a static snapshot from 2019,
so it cannot be used to analyze temporal dynamics such as seasonal pricing variation
or host strategy evolution. Longitudinal analysis of individual listings would reveal
adaptive pricing behaviours and market responses to external shocks [I3].

Severe class imbalance, particularly in the premium category, significantly reduced clas-
sifier performance in rare classes. Addressing this issue with resampling techniques,
cost-sensitive learning, or specialized algorithms may improve minority class recogni-
tion. Research shows that modified Random Forest implementations improve minority
class recall while maintaining overall accuracy [§].

The analysis excluded unstructured data from listing descriptions and photographs.
Natural language processing and computer vision analysis can extract features related
to property quality and style that numerical attributes do not capture, but at the
expense of model interpret-ability [16].

Finally, the elbow method was used to determine the clustering solution for k=3, but
other cluster numbers or algorithms may reveal additional market structure. Hierarchi-
cal clustering or density-based methods may reveal finer-grained segmentation patterns

[9112].
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Conclusion and Future Scope

6.1 Conclusion

This study used data mining techniques on the AB_.NYC_2019 dataset to classify
Airbnb listing price categories and identify market segments using clustering. Ran-
dom Forest outperformed Logistic Regression with 68.99% accuracy versus 64.75%,
demonstrating that ensemble methods capture pricing relationships better than linear
models. However, both algorithms struggled with the premium price category due to

class imbalance, with recall below 0.10 for the rarest listings [7][10].

K-Means clustering revealed three distinct market segments that reflect various oper-
ational models. The largest segment consists of private rooms in Brooklyn operated
by individual hosts, which represent traditional home-sharing. The smallest segment
includes entire Queens apartments with high availability, indicating semi-professional
operations.The third segment includes commercial multi-listing hosts in Manhattan
that manage large portfolios, indicating professional property management. These
findings show that the Airbnb market is heterogeneous, with various host types pursu-

ing distinct strategies [5][12].

The analysis confirms that room type and neighbourhood location are the most im-
portant price determinants, with entire apartments commanding higher prices than
private rooms and Manhattan and Brooklyn locations associated with premium pric-
ing. The combination of supervised classification and unsupervised clustering provides
complementary insights; classification reveals which attributes predict price categories,

while clustering reveals operational strategies defining different host types[4] [L1][15].
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6.2 Future Scope

Future research should use longitudinal analysis to investigate seasonal pricing varia-
tions and how hosts strategies change over time. Using techniques designed for imbal-
anced classification, like hybrid resampling or cost-sensitive learning, can significantly
improve minority class recognition for premium listings [8][13].

Integrating unstructured data from listing descriptions and photographs using natural
language processing and computer vision could reveal features about property quality
and amenities that structured attributes do not. This would likely improve predictive
performance by incorporating missing information from the dataset [16].

Alternative clustering approaches, such as hierarchical clustering or density-based
methods, could reveal more detailed market segmentation patterns. Examining the
relationship between identified market segments and pricing outcomes would clarify
whether operational clusters correspond to distinct price ranges or if other factors

drive price differentiation within segments [9][12].
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