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[bookmark: _Toc214619613]1.Abstract 
The increasing expansion of short-term rental platforms like Airbnb has resulted in massive, complicated databases that offer potential for data-driven decision-making. This study uses data mining techniques on the AB_NYC_2019 dataset to identify patterns in New York City's Airbnb market. The research focusses on two key analytical problems that correspond to MSc-level learning outcomes: (1) classification using decision-tree and ensemble approaches, and (2) unsupervised learning via clustering. The models were developed and evaluated using the WEKA machine-learning environment.
Two classification algorithms, J48 decision tree and Random Forest, were used to predict Airbnb room type based on numerical and categorical listing features. Performance was evaluated using 10-fold cross-validation, with metrics such as accuracy, precision, recall, F-measure, and confusion matrices. Random Forest scored the highest overall accuracy (82.22%), exceeding J48 (81.97%) due to its noise tolerance and ability to simulate non-linear interactions.
For the unsupervised component, SimpleKMeans clustering (K=3) was used to detect natural categories in the dataset. The identified clusters corresponded to significant market segments: (1) economical private room listings in the outer boroughs, (2) highly available professional-host complete apartments, and (3) Manhattan-based entire residences with poor availability due to high demand. 
The findings show how data mining approaches can provide useful insights into host behaviour, market pricing, and geographic diversity in Airbnb supply. The report ends with recommendations for hosts, governments, and platform managers.
[bookmark: _Toc214619614]2. Introduction
Short-term rental platforms like Airbnb have changed the hotel sector by providing tourists with affordable lodging while allowing property owners to monetise underutilised rooms. As competition heats up, hosts, policymakers, and platform managers must understand the factors that influence listing performance, such as room type, location, pricing, and availability. With approximately 48,000 records, the AB_NYC_2019 dataset is a valuable resource for employing machine learning techniques to acquire insights into the New York City (NYC) rental market.
Data mining uses statistical, artificial intelligence, and machine learning methods to identify significant patterns in massive datasets. Previous research has used predictive modelling on Airbnb data for pricing optimisation, occupancy prediction, and neighbourhood analysis [1]-[4]. However, many investigations are still limited to descriptive statistics or mainly rely on linear models, which struggle with complex, high-dimensional interactions. To close this gap, our study employs both supervised and unsupervised learning methodologies using the WEKA platform.
The research focusses on two activities that match with postgraduate data science competencies: 
1. Using models like J48 and Random Forest, forecast the room type of an Airbnb listing (Private, Entire home/apt, or Shared). 
2. Clustering involves utilising SimpleKMeans to segment listings based on geographic, behavioural, and operational features. 
These exercises are consistent with the learning aims for the ACCA7015 course, which highlight advanced modelling, critical evaluation, and data-mining result interpretation. WEKA is used in this study because of its ease of use, extensive algorithm library, and applicability for educational research.
The rest of this report is organised as follows. Section II is a literature review that covers categorisation, clustering, and previous work on Airbnb analytics. Section III presents the approach, which includes data preprocessing, model configuration, and WEKA operations. Section IV presents the findings of both supervised and unsupervised approaches. Section V analyses the implications for stakeholders. Section VI includes recommendations, followed by conclusions and future work directions.


[bookmark: _Toc214619615]3.Literature Review 
This section examines the relevant academic literature on machine learning, classification algorithms, clustering, and previous investigations of Airbnb and other peer-to-peer accommodation sites. The goal is to contextualise the current study within existing research and defend the methodological decisions adopted.
[bookmark: _Toc214619616]3.1 Machine Learning in Hospitality and Short-Term Rental Markets
Machine learning is a popular analytical methodology in hospitality research because it can better model complicated, nonlinear interactions than standard statistical methods [1]. Machine-learning approaches have been employed on Airbnb to predict rental price [2], occupancy rate [3], host revenue [4], user satisfaction [5], and location appeal [6]. These studies highlight the importance of both supervised and unsupervised learning in understanding market dynamics in the sharing economy, particularly when datasets are vast and multidimensional.
[bookmark: _Toc214619617]3.2 Classification in Tourism and Real Estate Analytics
Classification models try to assign labels to data examples, such as room type or listing quality. Decision trees, ensemble approaches, logistic regression, and neural networks are among the most widely used classification algorithms [7]. Decision trees (including J48) are valued for their interpretability, as the learnt rules may be visually represented and simply described [8]. In contrast, ensemble models such as Random Forest provide higher predictive accuracy since they mix numerous weak learners to reduce variation and overfitting [9].
In the field of real estate and tourism analytics, classification algorithms have been used to estimate property value classes [10], identify bogus listings [11], classify hotel reviews [12], and segment client types [13]. According to most studies, tree-based ensemble approaches (Random Forest, Gradient Boosting) outperform single-model classifiers because to their resilience [14].
[bookmark: _Toc214619618]3.3 Decision Trees and J48 Algorithm
Decision tree methods split data by choosing features that maximise information gain or decrease entropy [15]. The J48 implementation in WEKA is an adaptation of Quinlan's C4.5 algorithm [16]. It handles both continuous and categorical attributes, prunes to reduce complexity, and creates human-readable rules. Decision trees have been used in Airbnb-related research to predict price categories [17], assess review behaviour [18], and categorise host types [19]. 

Tree-based models are especially beneficial when openness is required, such as when city planners need to evaluate how neighbourhood, minimum nights, and availability affect market trends [20]. However, they are sensitive to noisy features and frequently underperform ensemble approaches [21].
[bookmark: _Toc214619619]3.4 Random Forest and Ensemble Learning
Random Forest is an ensemble-learning technique that creates numerous decision trees on random subsets of data and characteristics before aggregating their predictions via majority voting [22]. This method minimises model variance, increases generalisation, and successfully manages multicollinearity. Numerous research in tourism and real estate have shown that Random Forest outperforms single-tree models [23], improves rental value estimation [24], predicts review sentiment [25], and models occupancy rates. 
Ensemble methods are commonly cited as top performers in Airbnb research because of their capacity to capture complicated interactions between parameters such as location, host behaviour, property qualities, and written text reviews [27]. This supports the inclusion of Random Forest in the current study.
[bookmark: _Toc214619620]3.5 Clustering in Tourism Analytics
Clustering is an unsupervised learning technique that detects patterns or groups in data that lacks specified labels. K-Means is still one of the most popular clustering techniques, recognised for its simplicity and scalability [28]. It splits data by reducing the sum of squared distances between points and cluster centres. Clustering has been applied in tourist analytics to identify traveler subgroups [29], neighbourhood kinds [30], and regional tourism patterns [31]. 
K-Means is excellent for Airbnb market segmentation because it can detect natural patterns in host behaviour, price strategies, and spatial attributes [32]. For example, previous research used K-Means to identify groupings such as high-end Manhattan apartments vs suburban budget postings [33].
[bookmark: _Toc214619621]3.6 Airbnb Market Research and Data-Mining Applications
A rising amount of literature focusses solely on Airbnb data analytics. Zervas et al. [34] investigate the economic impact of Airbnb on hotel markets, whereas Li et al. [35] investigate host behaviour patterns. Other research looks into the spatial clustering of postings [36], the effect of neighbourhood characteristics on rental success [37], and the impact of review language on user decision-making. 
Machine learning has been used to detect demand drivers for Airbnb [39], forecast listing success [40], and reveal host strategies [41]. The combination of categorisation and clustering is rather popular, as it enables researchers to anticipate results while also understanding underlying market patterns [42].
[bookmark: _Toc214619622]3.7 Gaps in Current Literature
Despite great efforts, numerous holes remain: 
1. Many research rely on regression rather than current machine learning methods like Random Forest [43]. 
2. Some research use clustering but fail to adequately interpret cluster features in a business context [44]. 
3. Most Airbnb research focusses on predicting prices rather than room types [45]. 
4. Despite its prominence in academic contexts for teaching machine learning, few studies have used WEKA. 
As a result, this work provides value by merging classification and clustering into a coherent exploratory analysis utilising WEKA, as well as offering thorough interpretations of model performance and cluster activity.

[bookmark: _Toc214619623]4. Methodology
This section describes the methodology framework used to analyse the New York City Airbnb data. It covers dataset description, preprocessing, feature engineering, model design, clustering setup, and using the WEKA machine-learning environment. The methodological approach was developed to coincide with the ACCA7015 learning outcomes, which highlight the use of appropriate analytical procedures, model performance evaluation, and result interpretation.
[bookmark: _Toc214619624]4.1 Dataset Description and Preprocessing
The analysis is based on the publicly available AB_NYC_2019 dataset, which includes detailed information about Airbnb listings that were active in New York City in 2019. The dataset contains 48,895 listings and 16 unique attributes, including geographic information (latitude, longitude, neighbourhood, neighbourhood group), room characteristics (room type, minimum nights), host behaviour (number of reviews, reviews per month, calculated host listing count), availability, and pricing. 
The dataset contains a diverse mix of numerical and categorical variables appropriate for both supervised and unsupervised data mining techniques. Consistent with prior Airbnb studies [34], [36], the dataset represents a varied variety of market conditions across New York City's five boroughs: Manhattan, Brooklyn, Queens, Bronx, and Staten Island.
For this project, the classification task's objective variable is room_type, a nominal attribute with three categories: entire home/apt, private room, and shared room. This variable is commonly utilised in Airbnb analytics since room type effects pricing, guest experience, and demand patterns [3], [45].
[bookmark: _Toc214619625]4.2 Data Preprocessing
Preprocessing is a critical step in data mining because poor data quality can negatively affect model accuracy and reliability [15]. The following preprocessing steps were performed:
· 4.2.1 Handling Missing Values: The dataset contains a small number of missing entries for reviews_per_month. These missing values were replaced with zeros, consistent with Airbnb studies where missing review activity indicates no reviews in a given period [3], [35].
· 4.2.2 Removing Irrelevant Features: The attributes id, name, host_id, host_name, last_review, and license were removed. These features provide little predictive value for classification tasks and may introduce noise [12]. Removing such attributes is recommended when using tree-based models, which can otherwise overfit to irrelevant string values [7].
· 4.2.3 Normalisation and Scaling: Tree-based algorithms like J48 and Random Forest are not sensitive to feature scaling [8], [22]; therefore, no normalisation was applied prior to classification modelling. However, K-Means clustering uses Euclidean distance and is sensitive to attribute scale [28]. To reduce the dominance of features with large numerical ranges (e.g., latitude vs. number of reviews), standardisation was applied when running K-Means.
· 4.2.4 Class Attribute Definition: The room_type attribute was designated as the target variable for classification. This was done in WEKA by selecting “room_type” as the class attribute via the “Classify” panel.
· 4.2.5 Price Category Engineering: Since price is highly skewed and contains extreme values, a derived attribute price_category was created (low, medium, high, premium). Categorising price ranges is a common practice in Airbnb research to prevent outlier distortion and improve interpretability [17], [39].
[bookmark: _Toc214619626]4.3 Feature Engineering
Feature engineering enhances the dataset's predictive power by transforming raw attributes into more informative ones [21]. In this study:
· Neighbourhood and neighbourhood_group were retained as categorical variables. Prior research shows that location is a primary determinant of Airbnb listing characteristics [30], [37].
· Availability_365 was kept as a numeric feature to capture host operational behaviour.
· Reviews_per_month was computed and used as an indicator of listing popularity.
· Calculated_host_listings_count was used to distinguish between casual hosts and multi-property hosts [35].
· Latitude and longitude remained numeric to preserve spatial granularity.
Together, these features support robust room-type prediction and market segmentation.
[bookmark: _Toc214619627]4.4 Classification Algorithms
Two supervised learning algorithms were selected based on their popularity, interpretability, and strong performance in previous tourism and real-estate research [7], [9], [17], [23].
· 4.4.1 J48 Decision Tree: The J48 algorithm is WEKA’s implementation of Quinlan’s C4.5 decision tree [16]. It constructs a hierarchical tree by recursively selecting attributes with maximum information gain. Key characteristics include ability to handle numerical and categorical attributes, automatic handling of missing values, and pruning to reduce overfitting. In WEKA, the J48 model was configured using default parameters and evaluated with 10-fold cross-validation [14].
· 4.4.2 Random Forest: Random Forest is an ensemble model consisting of multiple decision trees, each trained on a random subset of data and features [22]. It improves accuracy by reducing variance and preventing overfitting. Configuration in WEKA used the default number of trees (100) and 10-fold cross-validation. Random Forest typically outperforms single decision trees in Airbnb prediction tasks [24], [26].
[bookmark: _Toc214619628]4.5 Clustering Method: K-Means
For the unsupervised component, SimpleKMeans was used to identify groups of listings exhibiting similar characteristics.
· Parameter Selection: Number of clusters (K) was set to 3 after trial exploration. Euclidean distance was used as the metric.
· Attributes Used: Numerical attributes were used (Latitude, Longitude, Minimum nights, Number of reviews, Reviews per month, Calculated host listings count, Availability_365). Categorical data were omitted due to K-Means’ numeric requirements.
[bookmark: _Toc214619629]4.6 WEKA Environment and Experimental Setup
WEKA (Waikato Environment for Knowledge Analysis) is an open-source machine-learning suite widely adopted in academic research [8].
· WEKA Version: WEKA 3.8 was used.
· Cross-Validation: All classification models employed 10-fold cross-validation.
· Evaluation Metrics: Overall accuracy, Kappa statistic, Precision, Recall, F-measure, and Confusion matrix were generated automatically.
[bookmark: _Toc214619630]5. RESULTS
This section presents the results of the classification and clustering analyses. All findings are derived from WEKA outputs generated using the AB_NYC_2019 dataset after preprocessing.
[bookmark: _Toc214619631]5.1 Classification Results: J48 Decision Tree
The J48 algorithm produced a multi-level decision tree that predicted Airbnb room types using attributes such as latitude, longitude, neighbourhood group, minimum nights, number of reviews, and price category. WEKA’s 10-fold cross-validation yielded the following performance metrics:
· Overall Accuracy: 81.97%
· Kappa Statistic: Indicative of substantial agreement
· Weighted Average Precision: High across classes
· Weighted Average Recall: Strong performance across categories
· F-Measure: Balanced performance indicating good predictive reliability
[image: C:\Users\DELL\OneDrive\Pictures\Screenshot 2025-11-21 092610d.t view.png]Figure 1: Visualisation of the J48 Decision Tree generated in WEKA.
[bookmark: _Toc214619632]5.1.1 Confusion Matrix Analysis
The confusion matrix showed that the model was particularly effective at classifying the two dominant categories: Entire home/apt and Private room. The Shared room category was misclassified more frequently due to its small representation in the dataset, a common issue noted in Airbnb classification studies [45].
[image: ]
Figure 2: Confusion Matrix for the J48 Classification Model.
The J48 model’s strengths lie in its transparency. The tree made several intuitive splits:
· Latitude and longitude were key determinants of room type. Manhattan listings were strongly associated with Entire home/apt.
· Minimum nights also influenced room categories. Listings with very low minimum-night requirements tended to be private rooms.
· Price category further acted as a predictor, confirming that price bands correlate strongly with listing types [39].
[bookmark: _Toc214619633]5.1.2 Interpretation
The J48 model’s 81.97% accuracy demonstrates strong baseline performance. The decision tree provides interpretable insights: entire homes are most common in high-price and Manhattan areas, while private rooms dominate in Brooklyn and Queens.
[bookmark: _Toc214619634]5.2 Classification Results: Random Forest
Random Forest achieved the highest overall performance in this study. Using 100 trees and default parameters, the model attained:
· Overall Accuracy: 82.22%
· Kappa Statistic: Higher than J48, indicating stronger agreement
· Precision / Recall / F-Measure: Slight improvements across all classes compared to J48
· Reduced misclassification of Shared room listings
[bookmark: _Toc214619635]5.2.1 Feature Importance
Random Forest identifies significant features across trees. Based on Gini impurity:
1. Latitude: strongest predictor (geographical clustering).
2. Longitude: similar importance.
3. Neighbourhood group: major determinant of host behaviour.
4. Price category: influences the likelihood of entire home listings.
5. Availability_365: distinguishes between high-demand and low-demand properties.
[bookmark: _Toc214619636]5.2.2 Confusion Matrix Observations
Random Forest improved classification of Shared room listings and the largest class (Entire home/apt).
[image: ]
Figure 3: Confusion Matrix for the Random Forest Classification Model.
[bookmark: _Toc214619637]5.3 Comparison of Classification Models
Table 1 summarises the classification performance:
	Metric
	J48
	Random Forest

	Accuracy
	81.97%
	82.22%

	Interpretability
	High
	Low

	Robustness
	Medium
	High

	Shared room prediction
	Weaker
	Stronger

	Overfitting risk
	Higher
	Low


[bookmark: _Toc214619638]5.3.2 Model Selection
Based on accuracy and robustness, Random Forest is the best-performing classifier. However, J48 remains valuable for interpretability.
5.4 Clustering Results: K-Means (K = 3)
K-Means clustering revealed three distinct market segments in the NYC Airbnb landscape.
[image: ]Figure 4: Cluster Centroids table showing the average attribute values for the three identified market segments (Cluster 0: Brooklyn Budget, Cluster 1: Professional Hosts, Cluster 2: Manhattan Demand).
The clusters are summarised as follows:
· Cluster 0: 21,783 listings (45%) – Affordable Listings in Brooklyn/Queens. Dominantly private rooms with low-to-medium prices.
· Cluster 1: 5,206 listings (11%) – High-Availability Entire Homes. Likely professional hosts with very high availability (≈ 218 days) and high review activity.
· Cluster 2: 21,906 listings (45%) – Manhattan Entire Homes. Lower availability compared to Cluster 1, indicating high demand in premium locations.
[bookmark: _Toc214619639]6. DISCUSSION
This section provides an integrated critical discussion of the findings.
[bookmark: _Toc214619640]6.1 Interpretation of Classification Results
The two classification models—J48 and Random Forest—both performed strongly (acc > 81%). These results validate the suitability of tree-based algorithms. Latitude and longitude emerged as the most important predictors, confirming that room type varies systematically across NYC (Manhattan = Entire home; Brooklyn = Private room). Random Forest outperformed J48 because the ensemble effect reduced variance and handled high-cardinality variables (like neighbourhood) better.
[bookmark: _Toc214619641]6.2 Interpretation of Clustering Results
The K-Means results revealed three meaningful segments. Cluster 0 represents the "budget" market (private rooms in Brooklyn). Cluster 1 represents the "professional" market (entire homes with high availability). Cluster 2 represents the "high demand" market (Manhattan homes that are often booked). These clusters align with geographic and behavioural distinctions found in the Airbnb literature.
[bookmark: _Toc214619642]6.3 Cross-Analysis
Cross-analysis demonstrates that the clusters and classification results reinforce each other. Cluster 2 (Manhattan) consists predominantly of Entire homes, which matches the classification model's finding that Latitude is a key predictor for Entire homes.
[bookmark: _Toc214619643]7. RECOMMENDATIONS
7.1 Recommendations for Airbnb Hosts
· Optimise Room Type and Pricing: Hosts should offer Private rooms in outer boroughs (Brooklyn, Queens) where demand matches this room type, and Entire homes in Manhattan.
· Leverage Cluster Characteristics: Listings in Cluster 0 should emphasise affordability. Hosts in Cluster 1 should focus on improving review quality due to high competition.
7.2 Recommendations for Travellers
· Use Room Type as a Proxy for Price: Travellers searching in Manhattan can expect a greater supply of entire homes; Brooklyn/Queens offers budget-friendly private rooms.
· Identify High-Value Listings: Cluster 1 represents professionally managed properties with predictable standards.
7.3 Recommendations for Airbnb Platform Managers
· Improve Search Ranking: The Random Forest model can be used to detect anomalies (e.g., listings claiming “entire home” in areas dominated by private rooms).
· Tailor Marketing: Promote “budget urban stays” for Cluster 0 and “business-ready homes” for Cluster 2.
7.4 Recommendations for City Policymakers
· Monitor Professionalised Operations: Cluster 1 likely indicates commercial operations. Cities should prioritise enforcement in these specific geographic clusters to protect long-term housing supply.
[bookmark: _Toc214619644]8. CONCLUSION, LIMITATIONS, AND FUTURE WORK
[bookmark: _Toc214619645]8.1 Conclusion
This study successfully applied WEKA-based data mining to deconstruct the NYC Airbnb market. Random Forest proved to be the superior predictive model (82.22% accuracy), while K-Means clustering successfully mapped the market's socio-economic divide into three distinct segments. The findings demonstrate that data mining is a powerful approach for understanding the complexities of the sharing economy.
[bookmark: _Toc214619646]8.2 Limitations
· Class Imbalance: Fewer Shared room listings negatively impacted recall.
· High-Cardinality Variables: The neighbourhood attribute posed challenges for simpler trees.
· Lack of Temporal Data: The dataset is a 2019 snapshot and lacks seasonal trends.
· Exclusion of Association Rules: Removed to focus on depth in classification and clustering.
[bookmark: _Toc214619647]8.3 Future Work
Future research should incorporate unstructured data (text/images), apply advanced algorithms like Gradient Boosting, and perform longitudinal analysis to compare pre- and post-pandemic market dynamics.
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Random Forest Confusion Matrix Heatmap
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image5.png
Attribute Cluster 0 Cluster 1 Cluster 2
neighbourhood_group Brooklyn Queens Manhattan
neighbourhood Williamsburg Astoria Hell's Kitchen
latitude 40.7172 40.7259 40.7413
longitude -73.9464 -73.8946 -73.9716
room_type Private room Entire home/apt Entire home/apt

minimum_nights 5.673 7.0499 8.3745
number_of_reviews 21.5407 33.572 22.5512
reviews_per_month 1.0217 1.6272 1.0323
calculated_host_listings_count 2.4743 4.2524 12.4747
availability_365 84.0097 218.9591 116.158
price_category low low medium
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