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[bookmark: _Toc214536668]1:Abstract
The rapid expansion of the peer-to-peer accommodation market, exemplified by platforms such as Airbnb, has heightened the necessity for data-driven decision-making within the competitive New York City (NYC) environment [1]. This study presents a comprehensive exploratory data analysis of the AB_NYC_2019 dataset to generate actionable intelligence for hosts and platform managers. The primary objective is to categorise listings and identify latent patterns through the application of both predictive and descriptive data mining techniques [2]. The methodology adopts a dual approach: first, ensemble-based classification models, with Random Forest as the principal model, are implemented and evaluated to predict a newly engineered price_category target variable (Budget, Average, Expensive) [3]. Second, K-Means clustering is employed to segment listings based on key attributes, with the optimal number of clusters determined using the Elbow Method [4].
The analysis demonstrates that the classification model accurately predicted listing price categories, with Random Forest achieving 73.9% accuracy and identifying neighbourhood_group, room_type, and minimum_nights as the most influential predictors [3], [5]. Simultaneously, clustering identified three distinct market segments: 'Flexible-Moderate Hosts', 'Affordable & Available Listings', and 'High-End, Low-Availability Hosts', which illustrate strategic trade-offs between pricing and availability [6]. These findings can inform strategic initiatives, including the development of dynamic pricing tools for hosts and the implementation of targeted support programmes by the platform [1]. Overall, the results highlight the effective integration of classification and clustering in converting raw data into a strategic resource for the hospitality sharing economy [7].
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[bookmark: _Toc214536670]2.1 Context and Background
The advent of the sharing economy has fundamentally disrupted traditional industries, with the global hospitality sector being a prime example [1]. Airbnb, as a leading platform in this domain, has redefined travel accommodation by leveraging underutilised assets, creating a dynamic and complex marketplace. New York City (NYC) represents one of Airbnb's most mature and competitive markets, characterised by high demand, regulatory scrutiny, and a diverse array of listing types [8]. Within this ecosystem, a vast amount of data is generated, detailing listing attributes, availability, and host activity. This data presents a significant opportunity to move beyond intuitive decision-making and towards a empirically-grounded, strategic approach for optimising the market for all stakeholders [7].
[bookmark: _Toc214536671]2.2 Problem Statement
For individual hosts, navigating the NYC market is fraught with challenges. Determining a competitive yet profitable price, understanding one's unique market position, and optimising listing availability are non-trivial tasks often conducted with limited information [9]. Concurrently, for Airbnb as a platform, ensuring a healthy, diverse, and fair marketplace is paramount to long-term success [1]. This project posits that these challenges can be effectively addressed through the application of data mining techniques [2], which can transform raw data into actionable intelligence.
[bookmark: _Toc214536672]2.3 Aim and Objectives
The overarching aim of this report is to apply a combination of classification and clustering techniques to the AB_NYC_2019 dataset to generate actionable intelligence for Airbnb stakeholders, thereby demonstrating the value of data mining in a real-world context.
To achieve this aim, the following objectives have been established:
1. To pre-process the AB_NYC_2019 dataset and engineer relevant features that enhance the performance and interpretability of the subsequent models.
2. To implement, compare, and evaluate at least two robust classification models for accurately categorising listings based on a key business attribute, such as price category.
3. To apply a clustering algorithm to identify homogeneous groups of listings, thereby uncovering latent market segments and inherent patterns within the data.
4. To critically interpret the results of both the predictive and descriptive analyses, synthesising the findings to derive strategic, data-driven business recommendations.
[bookmark: _Toc214536673]2.4 Report Structure
The report is organised to systematically present the analytical process. Chapter 3 provides a critical review of relevant literature on predictive analytics and data mining techniques. Chapter 4 details the dataset, pre-processing procedures, and feature engineering steps. Chapter 5 describes the implementation, training, and evaluation of the classification and clustering models. Chapter 6 discusses the results, addresses limitations, and offers actionable business recommendations. Chapter 7 concludes by summarising the findings and suggesting directions for future research.
[bookmark: _Toc214536674]3:Literature Review
[bookmark: _Toc214536675]3.1 Introduction to Predictive Analytics in Hospitality
The hospitality industry has increasingly embraced data-driven decision-making to maintain a competitive edge. Machine Learning (ML) and data mining are now pivotal in optimising operations and maximising revenue. In the context of short-term rentals, predictive analytics is primarily applied to three key areas: dynamic pricing, demand forecasting, and customer or listing segmentation.
Dynamic pricing models leverage various features to adjust rental prices in real-time. As noted by Önder et al. (2019), platforms like Airbnb exhibit significant price volatility, making sophisticated ML models essential for hosts to remain competitive [10]. Furthermore, demand forecasting utilises time-series analysis and regression models to predict booking volumes [11].
Beyond prediction, descriptive techniques like clustering are used for market segmentation. For instance, Guo et al. (2021) used clustering to identify distinct neighbourhood profiles on Airbnb [12]. These applications underscore the transition from intuitive management to evidence-based management powered by data mining [13]. 
[bookmark: _Toc214536676]3.2 Classification Techniques in Data Mining
Classification, a core supervised learning task, involves predicting discrete class labels. For this analysis, advanced ensemble method is selected: Random Forest.
Random Forest (RF) [2], introduced by Breiman (2001), is an ensemble method based on the concept ofbagging(Bootstrap Aggregating). It operates by constructing a multitude of decision trees during training. Each tree is trained on a random bootstrap sample of the data, and at each split, a random subset of features is considered. This randomness de-correlates the individual trees, leading to a model that is robust against overfitting. The final prediction is determined by majority voting (for classification) across all trees. A significant advantage of RF is its innate ability to handle mixed data types (numeric and categorical) and its provision of feature importance scores, which offer valuable insight into the predictors that most influence the target variable (Hastie, Tibshirani, & Friedman, 2009).
The selection of RF is justified by its robustness, high performance, and ability to model complex, non-linear relationships without demanding extensive feature scaling—a clear advantage over simpler models like Logistic Regression, which assumes a linear relationship with the log-odds, or Support Vector Machines (SVM), which can be less efficient and interpretable on large datasets with numerous categorical features.
[bookmark: _Toc214536677]3.3 Clustering Techniques for Market Segmentation
Clustering, an unsupervised learning technique, aims to partition data into homogeneous groups where members within a group are more similar to each other than to those in other groups.
K-Means [15] Clusteringis a widely used partitional algorithm due to its simplicity and efficiency (Jain, 2010). It aims to partitionnobservations intokclusters, where each observation belongs to the cluster with the nearest mean (centroid). The algorithm iteratively assigns data points to clusters and updates the centroids until convergence. Its scalability makes it suitable for large datasets like AB_NYC_2019. However, it requires the number of clusterskto be specified a priori and assumes clusters to be spherical and of similar size.
Determining the optimalkis critical. TheElbow Methodinvolves plotting the within-cluster sum of squares (WCSS) against different values ofk; the "elbow" point, where the rate of decrease sharply changes, suggests a suitablek. Complementarily,Silhouette [17] Analysismeasures how similar an object is to its own cluster compared to other clusters, with a higher average silhouette score indicating better-defined clusters (Rousseeuw, 1987).
While other algorithms likeDBSCAN [18](Ester et al., 1996) are valuable for identifying arbitrarily shaped clusters and noise, K-Means [15] was selected for this initial exploration. Its efficiency, interpretability, and the straightforward profiling of resulting clusters via centroid values align perfectly with the project's objective of generating clear, actionable market segments for stakeholders.
[bookmark: _Toc214536678]3.4 Model Evaluation Metrics
Rigorous evaluation is essential to validate model performance and ensure reliability.
Forclassification, a suite of metrics is used beyond simple accuracy.Precision(the proportion of true positives among all predicted positives) andRecall(the proportion of true positives identified correctly) are crucial when the cost of different types of errors varies. TheF1-Scoreharmonizes these two into a single metric. TheArea Under the Receiver Operating Characteristic Curve (ROC-AUC [19])provides a aggregate measure of performance across all classification thresholds. TheConfusion Matrixis foundational, as it offers a complete picture of model performance, revealing the specific nature of misclassifications (e.g., whether expensive listings are frequently misclassified as average) which is vital for critical interpretation (Provost & Fawcett, 2013).
Forclustering, where no ground truth labels exist, evaluation is more nuanced. TheSilhouette [17] Scoreprovides a quantitative measure of cluster cohesion and separation. However, the ultimate validation often lies in thequalitative interpretationof the cluster profiles. By analysing the mean values of the original features within each cluster, we can assign meaningful labels and assess the business relevance and actionable nature of the discovered segments.
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[bookmark: _Toc214536680]4.1 Dataset Overview and Initial Assessment
The dataset used for this analysis is theAB_NYC_2019.csv, sourced from the online data science community Kaggle. It contains detailed information on 48,895 Airbnb listings in New York City, compiled in 2019. The dataset comprises 16 features that capture the listing's geographical, descriptive, and host-related attributes. A summary of the key features is presented in Table 4.1 below.
[bookmark: _Toc214536681]Table 4.1: Summary of Key Features in the AB_NYC_2019 Dataset
	Feature Name
	Data Type
	Description

	id
	Numeric
	Unique identifier for each listing.

	name
	String
	Title/name of the listing.

	host_id
	Numeric
	Unique identifier for the host.

	host_name
	String
	Name of the host.

	neighbourhood_group
	Categorical
	NYC borough (e.g., Manhattan, Brooklyn).

	neighbourhood
	Categorical
	Specific neighbourhood within the borough.

	latitude / longitude
	Numeric
	Geographical coordinates of the listing.

	room_type
	Categorical
	Type of room (Entire home/apt, Private room, Shared room).

	price
	Numeric
	Nightly price in US dollars.

	minimum_nights
	Numeric
	Minimum number of nights required for booking.

	number_of_reviews
	Numeric
	Total number of reviews the listing has received.

	last_review
	Date
	Date of the most recent review.

	reviews_per_month
	Numeric
	Average number of reviews per month.

	calculated_host_listings_count
	Numeric
	Number of listings the host has on Airbnb.

	availability_365
	Numeric
	Number of days the listing is available per year.


[bookmark: _Toc214536682]4.2 Data Cleaning and Handling Missing Values
An initial data quality assessment revealed the presence of missing values and potential outliers. Specifically, thelast_reviewandreviews_per_monthfeatures had 10,052 missing entries (approximately 20.5% of the data). These missing values logically correspond to listings that have never received a review. Consequently, thelast_reviewdate was dropped from the analysis, and the missing values inreviews_per_monthwere imputed with 0. Thenameandhost_namecolumns also contained a small number of missing entries; these were deemed non-critical for the chosen modelling approach and were likewise imputed with a placeholder string ("Unknown"). A check for duplicate entries based on theidcolumn confirmed that all listings were unique, so no deduplication was necessary.
[bookmark: _Toc214536683]4.3 Feature Engineering
To enhance the predictive power and business relevance of the models, several new features were engineered.
· Target Variable for Classification (price_category): The continuouspricevariable was transformed into an ordinal categorical target to frame the task as a multi-class classification problem. The categories were defined as follows:'Budget'for prices less than $100,'Average'for prices between $100 and $250, and'Expensive'for prices exceeding $250. This categorisation aligns with common market perceptions and provides actionable insights for stakeholders.
· Predictor Features:
· availability_365_category: Theavailability_365feature was binned into three categories to capture different host strategies:'Low'(0-90 days),'Medium'(91-270 days), and'High'(271-365 days) availability.
· has_multiple_reviews: A binary feature was created to indicate listing popularity and experience, where1represents listings with more than one review (number_of_reviews > 1) and0otherwise.
· listing_age: While thelast_reviewdate was removed, thenumber_of_reviewsandreviews_per_monthserve as proxies for a listing's tenure and activity level on the platform.


[bookmark: _Toc214536684]4.4 Data Preparation for Modelling
The data preparation was tailored to the specific requirements of the classification and clustering tasks.
For Classification:
The dataset was filtered to include only relevant features for predicting the price_category. Categorical features (neighbourhood_group, room_type, availability_365_category) were converted into a numerical format using One-Hot Encoding to avoid imposing an arbitrary ordinal relationship. The dataset was then split into a training set (70%) and a test set (30%). To ensure that the class distribution of the target variable was consistent in both splits, the split was performed using stratified sampling, which is crucial given the potential for class imbalance.
For Clustering:
A separate subset of the data was created for the unsupervised clustering task. A subset of four key numerical features was selected to profile the listings: price, minimum_nights, availability_365, and calculated_host_listings_count. Since K-Means [15] is a distance-based algorithm, it is sensitive to the scale of the features. To prevent variables with larger scales (like price) from dominating the cluster formation, the data was standardised using the StandardScaler, which transforms the data to have a mean of 0 and a standard deviation of 1.


[bookmark: _Toc214536685]5: Model Implementation and Evaluation
This chapter presents the implementation, training, and evaluation of the selected classification and clustering models. The objective is to construct robust predictive and descriptive models and to critically assess their performance and business relevance.
[bookmark: _Toc214536686]5.1 Classification Model Implementation
To predict the newly createdprice_categorytarget variable, two powerful ensemble algorithms were implemented: Random Forest [2] and XGBoost. A common set of features was used, includingneighbourhood_group,room_type,minimum_nights,availability_365_category,has_multiple_reviews, andcalculated_host_listings_count, all of which were pre-processed as described in Chapter 4.
[bookmark: _Toc214536687]5.1.1 Random Forest Model
Random Forest [2] was chosen for its robustness and ability to provide feature importance scores. To optimise performance, hyperparameter tuning was conducted usingRandomizedSearchCVwith 5-fold cross-validation on the training data. The hyperparameters tuned includedn_estimators(number of trees),max_depth(maximum depth of each tree),min_samples_split(minimum samples required to split a node), andmin_samples_leaf(minimum samples required at a leaf node). The final model was fitted with the optimal parameters found.
· Results:The performance of the final Random Forest model on the held-out test set is summarised below.

· Accuracy:0.739
· Precision (Weighted Avg):0.73
· Recall (Weighted Avg):0.74
· F1-Score (Weighted Avg):0.72

[bookmark: _Toc214536688]Table 5.2: Confusion Matrix - Random Forest
	Actual \ Predicted
	Budget
	Average
	Expensive

	Budget
	5127
	1292
	124

	Average
	1074
	5465
	24

	Expensive
	1214
	104
	245
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· Analysis:The Random Forest [2] model demonstrated solid performance with 73.9% accuracy. The confusion matrix reveals that the model excels at identifying 'Budget' listings (high precision), while 'Expensive' listings present the greatest challenge (recall of 0.16). This pattern suggests that luxury listings may be influenced by factors not captured in the dataset, such as unique amenities or specific location advantages within neighbourhoods. The primary confusion occurs between 'Average' and 'Expensive' categories, which is intuitively reasonable as the price boundary between them is more ambiguous.
· Feature Importance:The feature importance plot from the Random Forest [2] model (Figure 5.1) clearly indicates thatneighbourhood_groupandroom_typeare the dominant predictors of listing price category. This aligns perfectly with domain knowledge, as location and the type of accommodation are fundamental drivers of cost in real estate.minimum_nightsandavailability_365_categoryalso contribute significantly, reflecting how rental strategy influences pricing
[image: ]
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To complement the classification analysis, K-Means [15] clustering was applied to uncover inherent, unlabelled structures within the data. A subset of standardised numerical features—price, minimum_nights, availability_365, and calculated_host_listings_count—was used.
To determine the optimal number of clusters (k), both the Elbow Method and Silhouette [17] Analysis were employed. The Elbow Method plot (Figure 5.2) showed a gradual decrease in Within-Cluster-Sum-of-Squares (WCSS), with the "elbow" being somewhat diffuse around k=3 and k=4. The average Silhouette [17] Score was calculated for k=2 through k=6, with k=3 achieving the highest score of 0.51, indicating reasonably defined clusters.
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Justification:While the elbow was not sharp,k=3was selected as it provided the best balance between cluster quality (highest Silhouette [17] Score) and business interpretability, avoiding overly complex segmentation that would be difficult to action.
[bookmark: _Toc214536690]5.4 Cluster Profiling and Interpretation
The K-Means [15] algorithm with k=3 was fitted to the standardised data. The resulting clusters were profiled by examining the mean values of the original, non-scaled features to derive meaningful interpretations, as shown in Table 5.4.
[bookmark: _Toc214536691]Table 5.4: K-Means [15] Cluster Profiles (Mean Values)
	Feature
	Cluster 0
	Cluster 1
	Cluster 2

	price
	~85
	~45
	~210

	minimum_nights
	~18
	~5
	~7

	availability_365
	~112
	~252
	~90

	calculated_host_listings_count
	~6
	~3
	~8

	Interpretation & Label
	The Flexible-Moderate Hosts
	The Affordable & Available Listings
	The High-End, Low-Availability Hosts


· Cluster 0: The Flexible-Moderate Hosts:This segment is defined by a moderate average price and, most notably, a very highminimum_nightsrequirement. This suggests hosts who prefer longer-term stays, potentially to reduce turnover effort. Their availability is moderate, indicating they block out dates between bookings.
· Cluster 1: The Affordable & Available Listings:This is the most distinct segment, characterised by low prices and very high annual availability. These listings are likely operated by hosts seeking high occupancy rates, possibly offering private or shared rooms in their primary residence.
· Cluster 2: The High-End, Low-Availability Hosts:This cluster captures high-priced listings with low availability. These are likely professional hosts or dedicated vacation rentals (entire homes) in prime locations. The low availability could be due to high demand, personal use by the owner, or being listed on multiple platforms.
This clustering provides a valuable, data-driven taxonomy of the NYC Airbnb market, revealing strategic host behaviours that are not immediately apparent from the classification analysis alone.

Figure 5.4: Comparative analysis of the three identified clusters across key features
[image: ]



[bookmark: _Toc214536692]6: Discussion and Business Recommendations
This chapter synthesises the findings from the predictive and descriptive analyses, critically reflects on the limitations of the approach, and culminates in a set of actionable, data-driven recommendations for key stakeholders in the NYC Airbnb ecosystem.
[bookmark: _Toc214536693]6.1 Synthesis of Findings
The analysis successfully identified both predictable patterns and strategic segments within the NYC Airbnb market. The classification model achieved 73.9% accuracy in predicting price categories, with Manhattan location and entire home/apt room type as dominant factors. This predictive insight is complemented by the clustering results, which reveal three distinct operational strategies: affordability-focused high-availability hosts (Cluster 1), premium low-availability hosts (Cluster 2), and flexible moderatAdditionally, the clustering analysis provided strategic insights beyond those offered by classification alone. The results indicate that price forms part of a broader host strategy, with hosts making distinct trade-offs. Cluster 1 adopts an affordability-and-availability strategy, likely targeting budget-conscious travellers and maximising occupancy. Cluster 2 employs a premium-and-exclusivity strategy, leveraging desirable attributes to command high prices for limited availability. Cluster 0 is characterised by a flexibility-for-moderate-price model, prioritising longer-term stays. This synthesis demonstrates that, although a listing's category can be predicted based on its features, its strategic group is determined by the combination and management of these features.res are combined and managed.
[bookmark: _Toc214536694]6.2 Critical Reflection and Limitations
Despite the robust results, several limitations must be acknowledged to contextualise the findings. Firstly, the dataset is from2019, a period pre-dating the COVID-19 pandemic, which fundamentally altered travel patterns and short-term rental dynamics. The models are therefore not reflective of the current post-pandemic market and would require retraining on recent data.
Secondly, the models are inherently static and do not capturetemporal dynamicssuch as seasonality, day-of-the-week effects, or the impact of local events, all of which significantly influence pricing and demand. Thirdly, a fundamental principle of data analysis is thatcorrelation does not imply causation. While we identified strong predictors, we cannot claim they directly cause the price; they may be proxies for other unmeasured variables like property quality or view.
Regarding methodology, theK-Means [15] algorithmhas specific limitations. It is sensitive to initial centroid placement (though mitigated by multiple initialisations) and assumes clusters to be spherical and of similar size, which may not fully capture the complex shapes of natural groupings. Algorithms like DBSCAN [18] could be explored in future work to identify outliers and non-spherical clusters.
[bookmark: _Toc214536695]6.3 Business Recommendations
Based on the synthesised findings, the following actionable recommendations are proposed:
For Airbnb Hosts:
· Hosts in Cluster 1 ('The Affordable & Available Listings'):If your listing has a high number of positive reviews (number_of_reviews), you may be undervaluing your offering. Consider amoderate price increaseto better align with the perceived value and increase revenue without significantly impacting demand, given your high availability.
· Hosts in Cluster 2 ('The High-End, Low-Availability Hosts'):Your strategy should focus onmaximising value per bookingrather than occupancy. Invest in premium amenities, professional photography, and highlight unique selling points to justify your price point. Since availability is low, ensure your calendar is updated accurately to capture high-demand periods.
For Airbnb Platform Managers:
· Develop Segmented Host Support Programs:Use the cluster profiles to create tailored resources. For example, senddynamic pricing guidesto Cluster 1 hosts, and offerpremium listing management toolsto Cluster 2 hosts. This targeted support can improve host satisfaction and retention.
· Implement a Price Recommendation Tool:Integrate the trained classification model into the host onboarding and management dashboard. As a new host inputs theirneighbourhood,room_type, and other features, the tool couldsuggest an optimalprice_categoryand a corresponding price range. This would help new hosts price competitively from the start and maintain a balanced marketplace.
· Identify Professional Hosts for Partnership:Cluster 2, with its highcalculated_host_listings_count, likely contains professional host entities. These high-value users could be identified for dedicated account management and partnership programs.
Transitioning from generic strategies to targeted, data-informed actions enables both hosts and the platform to improve performance and cultivate a more efficient and profitable marketplace.

[bookmark: _Toc214536696]7: Conclusion and Further Work
[bookmark: _Toc214536697]7.1 Summary of Achievements
This project has successfully demonstrated the application of data mining techniques to derive strategic insights from the NYC Airbnb market. The primary objectives were met through a systematic process: the AB_NYC_2019 dataset was rigorously pre-processed and feature-engineered, culminating in the creation of a price_category target variable. The Random Forest [2] classification model was implemented and evaluated, achieving 73.9% accuracy in categorising listings and identifying neighbourhood_group and room_type as the dominant price drivers. Complementing this, K-Means [15] clustering effectively segmented the market into three distinct host strategy profiles: 'Flexible-Moderate Hosts', 'Affordable & Available Listings', and 'High-End, Low-Availability Hosts'. The results were critically interpreted and synthesised to form actionable business recommendations, thereby fulfilling the aim of generating actionable intelligence for stakeholders and effectively communicating the data mining process.
[bookmark: _Toc214536698]7.2 Suggestions for Further Work
To build upon this research, several avenues for further work are proposed. Firstly, incorporatingtime-series dataon bookings and seasonal events would enable dynamic pricing models and demand forecasting. Secondly, applyingNatural Language Processing (NLP)to thenameand potentially review text could extract valuable features related to listing quality and amenities, enriching the model. Thirdly, experimenting with other clustering algorithms likeDBSCAN [18]could help identify outliers and non-spherical clusters that K-Means [15] may miss. Finally, the most critical next step is tocollect and analyse more recent, post-pandemic datato validate, update, and redeploy the models, ensuring their continued relevance and accuracy in a rapidly evolving market.
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