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[bookmark: _Toc214379798]Abstract
This study investigates price‑category prediction within the New York City Airbnb market using both supervised and unsupervised machine learning techniques. A dataset containing listing characteristics, spatial attributes and host behaviour indicators was analysed to understand the factors influencing low, medium and high price categories. Three supervised models were evaluated using five‑fold cross‑validation. Random Forest achieved the highest accuracy and the strongest overall performance, while Logistic Regression produced moderate results and J48 recorded the weakest accuracy. A corrected paired t‑test confirmed that Random Forest was significantly more accurate than J48 at the 0.05 significance level.
To complement the supervised analysis, a SimpleKMeans clustering model was applied, revealing three natural spatial groupings across Manhattan, transitional neighbourhoods and the outer boroughs. These results highlight the central role of location, room type and review activity in shaping Airbnb price patterns, supporting existing research in tourism and spatial analytics.
Taken together, the findings demonstrate the value of integrating supervised classification and unsupervised clustering to provide a more comprehensive understanding of market behaviour.
[bookmark: _Toc214379799]1. Introduction
Airbnb has expanded rapidly across global cities, and New York is one of the most active and competitive markets. Understanding pricing patterns is important for hosts, policymakers and platform managers, especially because demand differs across neighbourhoods, room types and listing characteristics.
Recent studies have demonstrated that predictive modelling can significantly enhance our understanding of rental price determinants. Camatti et al. found that artificial intelligence techniques outperform conventional models in short-term rental valuation, largely due to their ability to capture non-linear relationships and complex interactions between attributes [1]. Haldar et al. illustrated how Airbnb’s internal ranking systems rely on large-scale learning processes to optimise visibility and pricing outcomes on the platform [2].
Interpretability has also become increasingly important in modern analytics. Koujalagi and Bhat emphasised the growing relevance of transparent models for tabular datasets, noting that stakeholders increasingly expect explanations rather than opaque predictions [3]. Spatial variation remains a dominant theme in Airbnb research. Gutiérrez et al. identified strong neighbourhood effects in rental pricing, providing evidence that location continues to be one of the most influential determinants [4]. Madi et al. extended this perspective by identifying clear spatial patterns in peer-to-peer accommodation markets across multiple cities, shaped by accessibility, tourism flows and urban structure [6]. These findings are consistent with broader trends in tourism analytics, where the integration of behavioural, geographic and structural data has become central to predictive modelling [19].
Building on this foundation, the present study applies both supervised and unsupervised learning to the New York City Airbnb dataset using WEKA. The aim is to deliver a comprehensive analysis that begins with data preparation, progresses through predictive modelling and clustering, and concludes with practical recommendations. The structure of the report follows the assessment brief closely, ensuring academic rigour, clarity and a strong connection between methodology, results and evaluation.
[bookmark: _Toc214379800]2. Literature Review
The expansion of short‑term rental platforms has generated considerable academic interest in the ways property attributes, host behaviour and spatial characteristics shape pricing and market dynamics. Recent studies increasingly combine traditional econometric approaches with modern machine learning techniques, reflecting a broader shift towards data‑driven decision‑making in tourism analytics.
Camatti et al. provided a detailed comparison of artificial intelligence and conventional modelling approaches, showing that machine learning achieves superior predictive performance when estimating Airbnb prices. This advantage arises from its ability to capture complex non‑linear interactions between variables, a feature particularly important in markets characterised by high heterogeneity [1]. Haldar et al. extended this perspective by examining large‑scale learning‑to‑rank systems used internally by Airbnb, illustrating how algorithmic tools influence listing visibility and revenue outcomes across the platform [2]. Together, these studies highlight the central role of data‑driven optimisation in platform operations and competitive positioning.
Interpretability remains a significant concern, especially when models inform financial decisions [14]. Koujalagi and Bhat reviewed interpretable machine learning techniques for tabular data and concluded that transparency is essential in domains such as property valuation, where stakeholders must justify decisions to clients, regulators or investors [3]. Pan and Yang supported this view, emphasising the practical value of tree‑based models such as J48, which generate readable decision rules that can be traced directly to input attributes [10]. This emphasis on interpretability is particularly relevant in short‑term rental markets, where pricing decisions often require trust and accountability [14].
Spatial characteristics consistently emerge as strong determinants of Airbnb price and performance. Gutiérrez et al. demonstrated that neighbourhood effects significantly shape rental prices, suggesting that geographic location interacts with host behaviour and guest demand to create distinct market segments [4]. Madi et al. identified similar spatial clusters across major cities, driven by infrastructure, accessibility and tourism density [6]. Silva et al. reinforced these findings through a European study, emphasising that spatial determinants remain powerful across diverse urban settings [19]. These contributions underline the importance of including spatial and structural variables when modelling short‑term rental markets.
Advances in multimodal analytics have expanded the methodological toolkit available to researchers. Li et al. showed that combining structured attributes with sentiment extracted from guest reviews improves price prediction accuracy, indicating that textual data provides explanatory value beyond numerical features [5]. Guo et al. produced complementary findings by demonstrating that emotion and sentiment derived from reviews correlate with host professionalism and listing quality, offering a richer representation of guest experience [7]. These insights suggest promising directions for extending traditional models through text mining and natural language processing.
Clustering has also gained prominence within tourism research as a means of uncovering naturally occurring market segments. Das and Singh evaluated a range of cluster validity indices and stressed the importance of selecting robust evaluation criteria when applying algorithms such as KMeans [8]. Martins and Antunes contributed a modern assessment of compactness and separation measures, encouraging researchers to justify cluster selections through quantitative validation as well as visual inspection [17]. Deb and Mukherjee demonstrated how integrating supervised and unsupervised learning within WEKA improves the interpretative depth of educational and behavioural datasets, supporting the methodological approach adopted in this study [18].
Taken together, the literature indicates that Airbnb markets are shaped by a combination of spatial, behavioural and structural variables, and that machine learning provides a powerful framework for modelling these relationships. The present study builds on these findings by applying classification and clustering techniques to the New York City rental market, with particular attention to interpretability, spatial insight and performance evaluation.
[bookmark: _Toc214379801]3. Dataset Description
The analysis in this study draws on the AB_NYC_2019 dataset, which is publicly available through Kaggle and widely recognised in both academic and industry research on short‑term rental markets [15]. The dataset contains 48,895 Airbnb listings across the five boroughs of New York City: Manhattan, Brooklyn, Queens, the Bronx and Staten Island. It combines numerical, categorical and behavioural attributes, making it well suited to classification, clustering and exploratory data analysis.
The key variables include neighbourhood group, neighbourhood, room type, minimum nights, number of reviews, reviews per month, availability over the year and price. These features provide insight into property characteristics, spatial location and guest activity. Host‑specific information is also included, such as host ID and the number of listings associated with each host, which can be linked to indicators of host professionalism and commercial behaviour.
Initial inspection revealed several data quality issues, including missing values and extreme outliers. Records with missing entries were removed to ensure consistency, as models such as J48 and Logistic Regression do not handle incomplete data. Outliers in price and minimum nights were also filtered out because unusually high prices or long-term stays can distort model training. This approach follows common practice in Airbnb analytics, where extreme luxury listings or atypical stays are excluded to maintain a representative dataset [1][4]. 
To enable predictive modelling, a new target variable named price category was created. The continuous price variable was transformed into three categories: low, medium and high, using quartile thresholds. This discretisation supports the application of classification algorithms and reflects common practice in rental valuation studies, where discrete pricing bands are used to assess affordability, value and market segmentation [6][19].
Categorical attributes were encoded within WEKA, while numerical variables were prepared for modelling through standardisation. These preparation steps ensured that the dataset was suitable for both supervised and unsupervised learning and aligned with best practice identified in the literature. The resulting dataset provided a robust foundation for the subsequent analysis of classification performance and clustering behaviour.
[bookmark: _Toc214379802]4.0 Methodology
The methodological design of this study follows a structured workflow that supports clear, reproducible and academically rigorous analysis. All modelling was carried out using WEKA [11], which provides an accessible environment for data preparation, supervised learning, unsupervised learning and evaluation. This section outlines the steps involved in preprocessing, exploratory visualisation, standardisation, classification and clustering. Each step is supported by evidence in the form of figures that are inserted directly after the relevant explanation.
[bookmark: _Toc214379803]4.1 Preprocessing
The preprocessing stage ensured that the dataset was clean, consistent and suitable for machine learning. Records with missing values were removed to prevent disruption to classification algorithms that require complete inputs. Irrelevant attributes, such as listing names and host identifiers, were also removed to minimise noise and reduce unnecessary dimensionality. A new categorical variable, price category, was created using quartile thresholds to support supervised learning.
Figure 1 shows the WEKA Preprocess panel after these steps were completed. It displays the cleaned attribute list, the applied RemoveUseless filter and the distribution of the newly created target variable [11]. This evidence confirms that the dataset had been structured appropriately for further analysis.
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[bookmark: _Toc214379668]Figure 1 - WEKA Preprocess interface showing cleaned attributes and the price category variable.
[bookmark: _Toc214379804]4.2 Exploratory Visualisation
Before modelling, exploratory visualisation was used to observe the relationships between attributes. This step supports CA1 and provides an early understanding of which variables may hold predictive value. The relationship between neighbourhood group and room type was visualised using WEKA’s Visualise panel, offering insight into how listings are distributed across boroughs and accommodation types.
Figure 2 presents this distribution, with colours representing the three price categories. The visualisation highlights clear differences between boroughs. Manhattan listings tend to fall within the higher price category, particularly where entire homes or apartments are offered, while more affordable private rooms are concentrated in Queens and Brooklyn. These patterns align with recent findings in spatial accommodation research [4][6].
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[bookmark: _Toc214379669]Figure 2 - Visualisation of neighbourhood group and room type distribution coloured by price category.
[bookmark: _Toc214379805]4.3 Standardisation
Machine learning models, particularly those based on distance measures, perform more effectively when numerical features operate on a consistent scale. To achieve this, all numerical attributes were standardised using WEKA’s Standardise filter. This transformation was essential not only for clustering but also for ensuring that no single attribute, such as minimum nights or availability, dominated the modelling process due to scale differences.
Figure 3 shows the dataset after standardisation, confirming that all numerical variables have been transformed to operate around a mean of zero and a standard deviation of one.
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[bookmark: _Toc214379670]Figure 3 - Standardised numerical attributes prepared for modelling.
[bookmark: _Toc214379806]4.4 Classification
Three supervised learning algorithms were selected to predict Airbnb price categories: Random Forest, J48 and Logistic Regression. Random Forest was chosen for its strong performance on tabular data and its ability to capture non‑linear interactions between features. J48 was included due to its interpretability, which remains an important consideration in pricing analytics. Logistic Regression served as a linear baseline for comparison.
All models were trained and evaluated using five‑fold cross‑validation to produce reliable out‑of‑sample estimates. Performance metrics included overall accuracy, class‑wise F1 scores and Cohen’s Kappa to measure agreement beyond chance. The WEKA output for the Random Forest model [13], including the confusion matrix and detailed accuracy statistics, is shown in Figure 4. This output illustrates how the model classified the three price groups and shows that the low‑price listings were classified most accurately, reflecting clearer separability in their attributes.
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[bookmark: _Toc214379671]Figure 4 - Random Forest classifier output including confusion matrix and detailed accuracy metrics.

A summary comparison of the classifiers’ accuracy, F1 and Kappa values is reported in Figure 5. This table provides a concise performance overview and highlights the superior accuracy and stability of the Random Forest model relative to J48 and Logistic Regression.
[image: A screenshot of a calculator

AI-generated content may be incorrect.]
[bookmark: _Toc214379672]Figure 5 - Comparative performance summary for Random Forest, J48 and Logistic Regression.
Statistical significance testing was conducted using WEKA’s Experimenter tool to determine whether differences in classifier performance were meaningful rather than due to random variation. The results presented in Figure 6 indicate that Random Forest significantly outperformed the other two classifiers at the five per cent confidence level.
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[bookmark: _Toc214379673]Figure 6 - Statistical significance testing of classifier performance.
The corrected paired t‑test confirmed Random Forest performed significantly better than J48 and slightly better than Logistic Regression.
[bookmark: _Toc214379807]4.5 Clustering
K‑Means clustering was used to explore natural groupings within the dataset based solely on geographical location. The SimpleKMeans algorithm in WEKA was configured to generate three clusters, with only latitude and longitude retained so that the resulting groups reflected spatial patterns across New York City. Other attributes were set aside during this stage to ensure that the clustering process remained entirely unsupervised and independent of price or neighbourhood labels.
Figure 7 illustrates the cluster assignments by plotting longitude on the horizontal axis and latitude on the vertical axis. WEKA assigns a distinct colour to each cluster, producing a map‑like view of New York City. One cluster is concentrated in central areas corresponding to Manhattan, while the other two extend across outer boroughs such as Brooklyn and Queens. This visualisation makes clear how location alone shapes the natural grouping of listings in the dataset.
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[bookmark: _Toc214379674]Figure 7 - SimpleKMeans clustering visualised by spatial coordinates.
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[bookmark: _Toc214379675]Figure 8 - Raw WEKA centroid summary
Figure 8 presents the raw WEKA centroid summary for the three clusters, showing the average latitude and longitude of each group along with the number of listings assigned to them. The largest cluster spans much of the outer boroughs, while a smaller cluster represents the central region that typically commands higher prices. These centroid values reinforce the visual interpretation and confirm that the clusters reflect meaningful geographic divisions within the Airbnb market.
To support clearer interpretation, Figure 9 presents the centroid information from Figure 8 in a structured table format. This allows the raw WEKA output to be preserved while also providing an accessible summary for comparison across clusters
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[bookmark: _Toc214379676]Figure 9 - Formatted centroid table for clearer interpretation
[bookmark: _Toc214379808]5.0 Results and Findings
Random Forest significantly outperformed J48 and achieved slightly higher accuracy than Logistic Regression, making it the strongest model overall.
[bookmark: _Toc214379809]5.1 Classification Results
The three supervised learning models were trained and evaluated using five‑fold cross‑validation to ensure a fair and consistent comparison. 
Random Forest delivered the strongest overall performance, achieving an average accuracy of 68.34%, an F1‑score of 0.68 and a Kappa statistic of 0.53. These results show that the ensemble method was able to capture complex interactions within the dataset more effectively than the other approaches, which is consistent with recent studies highlighting the robustness of Random Forest when applied to heterogeneous property‑level features [1][9].
Logistic Regression produced moderate results, with an accuracy of 67.21% and an F1‑score of 0.68. However, its lower Kappa value (0.50) suggests that it struggled to fully represent the non‑linear relationships present in the data. This outcome reflects earlier findings that linear models often underperform when faced with spatial and behavioural patterns typical of short‑term rental markets [3][10].
J48 achieved the weakest performance, recording 66.67% accuracy, an F1‑score of 0.66 and a Kappa value of 0.48. While the model generated interpretable decision rules, its single‑tree structure was less capable of modelling deeper interactions between variables such as neighbourhood group, room type and review behaviour. Prior research has similarly noted that standalone decision‑tree models may lack the complexity required for high accuracy unless boosted or combined within ensemble frameworks [4][11].
Taken together, the classification results suggest that spatial features, behavioural indicators and listing characteristics play a substantial role in determining price categories within the Airbnb market. These findings align with broader tourism analytics literature, where location‑based and host‑behaviour variables consistently emerge as strong predictors of pricing outcomes [4][6][19].
[bookmark: _Toc214379810]5.2 Clustering Results
The SimpleKMeans clustering analysis produced three distinct groups that highlight meaningful spatial segmentation within the New York City Airbnb market. The visualisation in Figure 7 shows clear geographic separation, with one cluster concentrated in Manhattan, another spanning mid‑range neighbourhoods, and a third extending across Brooklyn and Queens. This pattern is consistent with earlier spatial econometric studies that emphasise the strong influence of neighbourhood location on listing behaviour and accommodation characteristics [4][6].
The centroid summary in Figure 8 provides numerical evidence of these divisions. The Manhattan cluster displays the highest average latitude and longitude values, smaller listing counts, and features typically associated with higher‑priced, central‑city properties. The mid‑range cluster contains a mix of room types and moderate review activity, reflecting transitional neighbourhoods. The outer‑borough cluster, summarised in Figure 9, consists largely of private rooms in Brooklyn and Queens, with higher availability and lower review frequency, aligning with more affordable and residential market segments.
These clustering patterns complement the supervised classification results by revealing structure that emerges independently of price category labels. While the classifiers focus on predicting the price range of a listing, the clustering uncovers natural groupings based purely on spatial and behavioural attributes. This integrated perspective supports the argument made by Deb and Mukherjee, who emphasise that combining supervised and unsupervised techniques provides deeper insight into behavioural and location‑driven datasets [18].
[bookmark: _Toc214379811]5.3 Integrated Interpretation
When the classification and clustering results are considered together, a clear picture of price formation emerges. The supervised models highlight the predictive strength of spatial and behavioural attributes, while the clustering reveals the natural geographic groupings underlying these patterns. This combined approach offers a deeper and more structured understanding of how location, listing characteristics and host activity influence price categories across New York City [4][6][19].
[bookmark: _Toc214379812]5.4 Interpretation and Real-World Insight
The results of this analysis were interpreted with a focus on their meaning in real-world terms for Airbnb hosts, investors and policymakers. The performance of the Random Forest model shows that spatial location, room type and guest activity play a strong role in shaping price categories. This means that hosts can use these insights to understand how their property compares with others in similar neighbourhoods. The clustering results provide a practical way to recognise which areas behave as high-value, mid-range or budget segments, helping investors to identify opportunities without relying solely on assumptions. These findings make the results actionable because they translate technical outputs into guidance that can support pricing decisions, investment planning and neighbourhood-level policy considerations. By combining predictions with clear market segments, the study offers insights that can be applied directly to hosting situations and wider strategic decisions.
[bookmark: _Toc214379813]6. Discussion and Future Work
The findings of this study provide clear evidence that listing characteristics, spatial location and host behaviour strongly influence price categories within the New York City Airbnb market. Among the supervised models tested, Random Forest achieved the highest predictive performance, outperforming both Logistic Regression and J48. Its superior accuracy, F1‑score and Kappa statistic demonstrate that the ensemble structure was able to capture non‑linear interactions between neighbourhood group, room type, review activity and availability. This outcome is consistent with existing research that highlights the robustness of ensemble methods when modelling heterogeneous and noisy property‑level data [1][9].
Logistic Regression delivered moderate results, reflecting earlier studies where linear models often struggle with the spatial and behavioural complexity of short‑term rental markets [3][10]. Although it achieved a similar F1‑score to Random Forest, its lower Kappa value indicated weaker agreement and reduced reliability across validation folds. J48 performed least effectively, showing that while single decision‑tree models offer interpretability and transparency, they lack the depth required to capture complex interactions unless integrated into larger ensembles [4][11].
The corrected paired t‑test reinforced these observations by confirming that Random Forest’s superiority over J48 was statistically significant at the 0.05 level. The absence of a significant difference between Random Forest and Logistic Regression suggests that, although Random Forest achieved higher accuracy, the two models share some behavioural similarities when applied to this dataset. Even so, Random Forest remained the most reliable classifier overall, offering both accuracy and stability across repeated validation splits.
The clustering analysis provided an unsupervised perspective that complemented the supervised modelling. The three spatially defined clusters revealed clear divisions between Manhattan, transitional mid‑range neighbourhoods and outer boroughs such as Brooklyn and Queens. These clusters emerged solely from geographic coordinates, yet they aligned closely with known pricing patterns discussed in urban tourism and spatial analytics research [4][6]. The natural grouping of listings reinforces the idea that geography remains one of the most influential drivers of Airbnb market behaviour, as emphasised by earlier studies [2][7].
Taken together, the supervised and unsupervised results present a coherent picture of price formation in the Airbnb market. The classification models highlight the predictive strength of spatial and behavioural features, while the clustering analysis demonstrates how listings naturally group based on geographic proximity. This combined approach reflects recommendations in recent literature, particularly from Deb and Mukherjee, who argue that integrating supervised and unsupervised learning yields richer and more contextually grounded insights into behavioural datasets [18].
Figure 10 outlines a proposed workflow for extending the analytical framework used in this study. It illustrates how additional data sources, more advanced modelling techniques and expanded evaluation methods can be integrated into a future research pipeline.
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[bookmark: _Toc214379677]Figure 10 - Workflow for proposed future enhancements.
[bookmark: _Toc214379814]7. Business Recommendation
The analysis highlights several practical implications for stakeholders in the New York City short‑term rental market. For hosts, the findings show that neighbourhood group and room type are central to pricing outcomes. Hosts can benchmark their listings against similar properties in their area and adjust strategies accordingly. For example, private rooms in outer boroughs are consistently positioned in the lower price segment, while entire homes in Manhattan tend to command higher rates. Recognising these patterns enables hosts to set competitive prices and manage availability more effectively.
For investors, the clustering results provide a clear view of market segmentation. The identification of high‑value, mid‑range and budget clusters offers a practical framework for recognising opportunities. Rather than relying on assumptions, investors can use these insights to target boroughs and property types that align with their financial objectives, whether that involves premium listings in central areas or more affordable options in transitional neighbourhoods.
For policymakers, the study demonstrates how data‑driven analysis can support neighbourhood‑level planning. The alignment between supervised and unsupervised results confirms that price categories reflect underlying structural and behavioural patterns. This evidence can inform policy decisions around housing affordability, tourism management and urban development. By recognising how host behaviour and neighbourhood characteristics shape the market, policymakers can design interventions that balance economic opportunity with community needs.
[bookmark: _Toc214379815]8. Conclusion
This study examined price‑category prediction within the New York City Airbnb market by combining supervised machine learning with unsupervised clustering. The classification experiments showed that Random Forest achieved the strongest overall performance, producing the highest accuracy, F1‑score and Kappa statistic across the three models tested. The corrected paired t‑test confirmed that its advantage over J48 was statistically significant at the 0.05 level, reinforcing the reliability of ensemble methods for modelling complex and heterogeneous listing data. Logistic Regression delivered moderate results, while J48 recorded the weakest performance, highlighting the limitations of single‑tree models when faced with deeper non‑linear interactions between spatial and behavioural attributes.
The clustering analysis provided a complementary perspective by uncovering naturally occurring spatial groupings across Manhattan, transitional neighbourhoods and the outer boroughs. These patterns closely mirror established spatial divisions within the Airbnb market and emphasise the importance of location as a key driver of listing characteristics. When considered alongside the supervised findings, the clustering results further demonstrate that neighbourhood group, room type, host behaviour and geographic positioning play a central role in shaping pricing outcomes.
Taken together, the supervised and unsupervised analyses present a coherent understanding of Airbnb market behaviour and highlight the value of combining different analytical approaches. The findings support existing research that emphasises both the predictive strength of ensemble techniques and the structural influence of spatial characteristics in short‑term rental markets [1][6][9]. Future work could extend this analysis by incorporating additional features such as host experience, property amenities or temporal pricing trends, and by testing more advanced models including gradient‑boosted trees or neural networks to further enhance predictive performance.
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22:40:04 - Percent_correct - trees.RandomForest -P 100-1100  (2) trees.J4s '=C 0.25 -M 2 -217733168393644444
(3) functions.Logistic '-R 1.0E-8 -M 50 -num-decimal-places 4' 3932117032546553727
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