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Abstract

This study builds upon earlier work conducted on the AB_NYC_2019 dataset, where Airbnb listings in New York City were initially cleaned, pre-processed, and visualised to establish a clear understanding of their characteristics. The current investigation advances this analysis by applying data mining techniques—specifically classification and clustering—to categorise listings and uncover underlying patterns that can support strategic decision-making for hosts, investors, and platform administrators.

The primary objective was to implement and evaluate classification models capable of predicting categorical listing attributes such as room type, availability, and neighbourhood group. Two models were selected for comparison: Random Forest and Logistic Regression. Random Forest, an ensemble-based technique, handles complex, non-linear relationships effectively and is well suited to the heterogeneous nature of Airbnb data. Logistic Regression was chosen as a contrastive baseline due to its simplicity, interpretability, and ability to highlight how specific features influence target variables. Both models were trained and evaluated using metrics including accuracy, precision, recall, and F1-score, enabling a critical comparison of their strengths. Results showed that Random Forest provided superior predictive performance, reflecting its robustness in dealing with diverse and high-dimensional datasets [28].

To complement the classification work, the study employed k-Means clustering as an unsupervised learning method to identify natural groupings within the dataset. Clustering revealed patterns that classification alone could not capture—such as groups of listings with similar pricing structures, geographical proximity, or host behaviour. These insights are valuable for segmenting the market, understanding spatial trends, and detecting variations in listing characteristics across neighbourhoods.

Integrating supervised and unsupervised approaches created a holistic analytical framework. Classification offered predictive insights into key listing attributes, while clustering revealed deeper structural patterns that inform strategic decisions. Together, these methods highlighted meaningful variations across neighbourhood groups and room types, emphasizing the role of geographical and behavioural differences within the Airbnb market.

Overall, the findings demonstrate the value of applying multiple data mining techniques to a complex real-world dataset. Random Forest emerged as the more effective classification model, while k-Means clustering uncovered important descriptive groupings. This combined analysis provides a strong foundation for targeted interventions, pricing optimisation, and operational improvements within Airbnb’s New York City market. The study also underscores the potential for data-driven methods to enhance understanding of platform-based accommodation dynamics and support more informed decision-making in the sharing economy.
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1. Introduction

This study explores Airbnb listings in New York City using the AB_NYC_2019 dataset, applying both classification and clustering techniques to uncover strategic insights. Classification models—Random Forest and Logistic Regression—were used to predict categorical attributes such as room type and availability, with Random Forest offering robust performance and Logistic Regression providing interpretability. Clustering via k-Means revealed three distinct listing profiles: Cluster 0 (43%) includes budget private rooms in Brooklyn with low availability; Cluster 1 (11%) features high-turnover entire apartments in Queens with strong guest engagement; and Cluster 2 (46%) comprises medium-priced entire apartments in Manhattan with moderate availability and longer minimum stays. These patterns highlight borough-specific opportunities for hosts and investors to tailor pricing, amenities, and marketing strategies. The integration of supervised and unsupervised learning enables a comprehensive understanding of listing dynamics, supporting data-driven decision-making in the sharing economy. The findings offer actionable guidance for optimizing operations, targeting customer segments, and identifying growth areas across NYC’s diverse rental landscape [1].





































2. Literature Review: Predictive Analytics and Modelling Techniques

Predictive analytics has continued to grow in importance for business decision-making, particularly in domains such as hospitality, tourism, and the sharing economy. At its core, predictive analytics uses historical and current data to forecast future events—such as pricing, demand, or classification of items—and more organizations are relying on such models to gain competitive advantage. In the context of peer-to-peer accommodation platforms like Airbnb, predictive models help hosts and managers optimise pricing, understand demand fluctuations, and improve operational strategies [2].

Recent research in the tourism and hospitality sector demonstrates a clear trend toward leveraging advanced machine learning techniques. For example, Huang et al. survey the role of artificial intelligence (AI) in tourism and hospitality, noting that predictive models such as regression, tree‑based methods, and neural networks are being increasingly adopted to forecast demand, price, and customer behaviour [3]. In line with this, Chapman, Mohammad, and Villegas (2023) apply machine learning, including Random Forest, to predict Airbnb listing prices in dynamic short-term rental markets, showing how fluctuations in price are driven by both listing characteristics and demand dynamics [4].

Another strand of literature focuses on pricing prediction specifically. Alharbi (2023) proposes a sustainable price prediction model for Airbnb listings by combining property features, host attributes, and sentiment extracted from user reviews via sentiment analysis. Interestingly, this research found that linear models (Lasso, Ridge) produced extremely high explanatory power, while sentiment polarity from reviews was among the strongest predictors of listing price [5]. Building on that, a more recent study by Jinan University (2024) introduces a multimodal deep learning model: combining structured listing data, text descriptions, and listing images. This model uses BERT (transformer-based text) and MobileNet (image features) to predict rental price, achieving a low mean absolute percentage error (MAPE) and demonstrating that integrating different data modalities leads to significantly better performance than conventional models [6].

At the same time, explainability of predictive models is gaining attention. Welsch and Kowalczyk (2023) propose a methodology for building prediction-oriented machine learning artifacts that are explainable to business decision-makers. They combine design science research principles with explainable AI techniques to build a transparent Airbnb price prediction app, arguing that model interpretability is just as crucial as predictive accuracy in real-world systems [7].

Unsupervised techniques also play a complementary role in predictive analytics. In tourism research, association rule mining and clustering are used to uncover latent patterns in user-generated text data. For instance, Barbosa, Saura, and Bennett (2023) apply clustering and narrative analysis to Airbnb host descriptions to identify themes in host behaviour and accommodation offerings [8]. Similarly, computational text analysis combined with association rule mining has been employed to identify cultural tourist segments based on their review language, revealing associations among linguistic themes [9].

From a methodological perspective, Random Forest remains a workhorse technique in recent predictive analytics studies, valued for its robustness, ability to handle heterogeneous features, and interpretability via feature importance. Research shows that it outperforms or closely competes with other tree-based ensemble models when predicting complex outcomes such as Airbnb prices or demand [4], [6]. However, newer methods—especially deep learning models handling multimodal input—are proving their worth by producing more accurate and nuanced predictions.

Post-2021 research on predictive analytics in the sharing economy emphasizes advanced machine learning and richer data sources, including text and images, to enhance predictive accuracy. Increasing focus is placed on model explainability for stakeholders. Complementary unsupervised methods, such as clustering and association rule mining, uncover hidden patterns that inform both strategy and prediction. Collectively, these advances establish a mature, data-driven framework for decision-making in Airbnb and similar platforms.
3. Dataset Description

The dataset used for this study is derived from the AB_NYC_2019 Airbnb dataset, which has been cleaned and pre-processed to ensure accuracy, remove inconsistencies, and reduce dimensionality. Originally comprising 16 attributes, the cleaned dataset now contains 11 relevant attributes, which are essential for classification and clustering tasks [13]. These attributes include a mix of numerical variables (e.g., price, minimum nights, number of reviews) and categorical variables (e.g., neighbourhood group, room type). The target variable for classification is neighbourhood group, which indicates the borough in which the Airbnb listing is located.

An attribute table provides a clear understanding of the dataset:


	ATTRIBUTE
	TYPE
	DESCRIPTION


	Neighbourhood Group
	Categorical
	Borough of the listing (Manhattan, Brooklyn, Queens, Bronx, Staten Island) – target variable for classification


	Neighbourhood
	Categorical
	Specific area within the borough


	Latitude
	Numerical
	Geographical coordinate


	Longitude
	Numerical
	Geographical coordinate


	Room Type
	Categorical
	Type of room offered (Entire home/apt, Private room, Shared room)


	Price
	Numerical
	Price per night in USD


	Minimum Nights
	Numerical
	Minimum nights for booking


	Number Of Reviews
	Numerical
	Total reviews received


	Last Review
	Date
	Last date of review


	Reviews Per Month
	Numerical
	Average monthly reviews


	Calculated Host Listings Count
	Numerical
	Total number of listings by host



Figure 1: Attribute Table




The dataset has undergone pre-processing steps, including handling missing values, removing duplicates, encoding categorical variables, and normalizing numerical variables [13]. This ensures that the dataset is suitable for model implementation in Weka.


4. Modelling Techniques

4.1 Random Forest for Classification

Random Forest is an ensemble learning method used for classification and regression tasks [14]. It operates by constructing multiple decision trees during training and outputting the mode of the classes (for classification) or mean prediction (for regression).

Key Features of Random Forest:

Bagging (Bootstrap Aggregation): Random subsets of the training data are sampled with replacement to train individual decision trees.

Feature Randomness: At each split in the tree, only a random subset of features is considered, reducing correlation between trees and improving generalization [7].

Robustness: Handles large datasets and high-dimensional features well, reducing overfitting compared to a single decision tree.

In the context of Airbnb listings, Random Forest is suitable for predicting neighbourhood group because it can handle both numerical and categorical attributes and capture complex patterns across features such as price, room type, and number of reviews.

4.2 Logistic Regression for Classification

Logistic Regression is a statistical method used for binary and multi-class classification [10]. Unlike linear regression, it models the probability that a given input belongs to a specific class using the logistic (sigmoid) function.

Key Features of Logistic Regression:

Probabilistic Output: Produces a probability score between 0 and 1 for each class, which is useful for ranking or thresholding predictions.

Linear Decision Boundary: Assumes a linear relationship between the independent variables and the log-odds of the dependent variable.

Interpretable Coefficients: Coefficients provide insight into how each feature affects the probability of a class.


For the Airbnb dataset, Logistic Regression can model how factors such as room type or minimum nights influence the likelihood of a listing belonging to a particular borough (neighbourhood group). Although it assumes linearity, its simplicity and interpretability make it valuable for understanding feature importance [16].








4.3 K-Means for Clustering

K-Means is an unsupervised learning algorithm used for clustering similar data points into k clusters based on feature similarity [8].

Key Features of K-Means:

Centroid-Based Clustering: Each cluster is represented by the mean of its points (centroid).

Distance Metric: Typically uses Euclidean distance to assign points to the nearest centroid.

Iterative Optimization: The algorithm iteratively updates centroids and reassigns points until convergence, or a stopping criterion is met [11].


For Airbnb listings, K-Means can group listings based on attributes such as price, reviews per month, and number of reviews to uncover patterns like high-demand neighbourhoods, pricing clusters, or popular room types. This helps hosts and investors identify strategic opportunities.



5.  Model Implementation in Weka

Weka provides a user-friendly platform for applying machine learning techniques, including classification and clustering.

5.1 Random Forest Implementation

1. Load Dataset: Open Weka Explorer → Open File → select the cleaned Airbnb dataset (.arff or .csv).

2. Preprocess: Ensure categorical attributes are nominal and numeric attributes are properly scaled.

3. Select Classifier: Choose Classify tab → Choose → trees → Random Forest.

4. Set Parameters: Typical parameters [12] include:

numTrees: Number of trees (e.g., 100)

maxDepth: Maximum depth of trees (optional)

numFeatures: Number of features considered at each split (default is √total features)

5. Cross-Validation: Select 10-fold cross-validation to evaluate model performance.

6. Run Classifier: Click Start → Weka produces metrics like accuracy, precision, recall, F1-score, and a confusion matrix.


Random Forest in Weka provides robust performance metrics, highlighting the model’s ability to accurately classify listings into boroughs.
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Figure 2: Model Implementation Workflow


5.2 Logistic Regression Implementation

1. Select Classifier: Classify tab → Choose → functions → Logistic.

2. Configure Parameters: Default parameters often suffice; optionally adjust ridge regularization to prevent overfitting [9].

3. Cross-Validation: Again, use 10-fold cross-validation.

4. Run Classifier: Click Start → Weka outputs class probabilities, confusion matrix, and performance metrics.


Logistic Regression results in Weka provide insights into the influence of each feature, enabling interpretation of which attributes most affect borough classification [28].


5.3 K-Means Implementation

1. Select Clusterer: Go to Cluster tab → Choose → SimpleKMeans.

2. Set Number of Clusters: Define k based on prior knowledge or using the Elbow method. For Airbnb, 3–5 clusters often reveal meaningful patterns [11].

3. Configure Parameters: Options include distance function (Euclidean) and max iterations.

4. Run Clustering: Click Start → Weka assigns cluster IDs to each listing and provides centroids.

5. Interpret Results: Examine centroids to understand cluster characteristics, e.g., high-priced listings with many reviews vs. budget listings with few reviews [19].

Clustering in Weka provides a complementary perspective to classification by identifying natural groupings, which can inform marketing strategies, pricing decisions, or investment opportunities.



6. Data Preparation and Preprocessing
Before training, the dataset is imported into WEKA in ARFF or CSV format. Categorical attributes, such as room type and neighbourhood group, are encoded using the Nominal to Binary filter, while continuous attributes like price, minimum nights, and availability_365 are normalized to enhance algorithm performance. Missing values, particularly in reviews-related fields, are imputed with WEKA’s Replace Missing Values filter using mean or mode estimates [12]. The dataset is then divided into training and test sets via the Percentage Split option, typically 70/30. Stratified splitting ensures proportional representation of all classes, maintaining balance and reliability in model evaluation.


6.1 Model Implementation

This study implemented classification models within the Weka environment to evaluate Airbnb listing performance using the AB_NYC_2019 dataset. After cleaning and preprocessing—including handling missing values, encoding categorical variables, and normalizing continuous attributes—the dataset was imported in ARFF format. Two algorithms were selected: Random Forest and Logistic Regression, chosen to balance predictive strength with interpretability. Evaluation was conducted using both train-test splits and k-fold cross validation to ensure reliable performance estimates [16].

Logistic Regression, configured with ridge regularization to prevent overfitting, provided interpretable coefficients that highlighted the relative importance of predictors. Its sensitivity to variable scaling was addressed through normalization, enabling fair comparisons across features. Metrics such as accuracy, precision, recall, F1 score, and ROC area were generated directly in Weka, offering a comprehensive view of model performance. Logistic Regression proved particularly useful for understanding linear relationships and providing transparency in feature influence [15].

Random Forest, implemented as an ensemble of decision trees, captured complex, non-linear interactions without requiring feature scaling. Hyperparameters such as number of trees, maximum depth, and minimum instances per leaf were tuned to optimize performance. Outputs included classification accuracy, confusion matrices, and feature importance rankings, which identified the most influential attributes. Random Forest consistently achieved higher predictive accuracy than Logistic Regression, especially in noisy or complex data scenarios [21].

Together, the models offered complementary insights: Logistic Regression emphasized interpretability, while Random Forest delivered stronger predictive performance. Weka’s streamlined interface facilitated efficient training, evaluation, and comparison, ensuring a balanced analysis that considered both accuracy and transparency in data-driven decision-making.

6.2 Model Evaluation

This study assessed Random Forest and Logistic Regression classifiers on the AB_NYC_2019 dataset using WEKA, focusing on predictive performance, interpretability, and suitability for Airbnb listing classification. Evaluation employed accuracy, precision, recall, F1-score, and confusion matrices. Random Forest achieved superior accuracy, effectively capturing complex non-linear relationships among features such as price, availability_365, neighbourhood group, and room type. Feature importance analysis highlighted price and availability_365 as key predictors, with strong classification of “Entire home/apt” but weaker performance on less frequent categories [15]. Logistic Regression, though less accurate, provided interpretable coefficients that clarified feature influence, supported by cross-validation and regularisation. Overall, Random Forest offered predictive strength, while Logistic Regression ensured transparency, together forming a balanced framework for strategic decision-making.

































7. Results Analysis

After applying both Random Forest and Logistic Regression models to the AB_NYC_2019 dataset via WEKA, distinct patterns emerged that shed light on the predictive performance, feature importance, and practical implications for Airbnb listings. These insights help us understand which attributes are most influential in classifying listings and how reliable each model is in a real-world decision-making context [16]. I decided to classify Room Type attribute on Random Forest and Logistic Regression, then a model comparison analysis was conducted.


Once classifications were completed, I analysed the summaries which included accuracy, evaluation metrics and confusion matrix. After summary analysis completion the findings were interpreted for suitability to be applied in real world environments to assist in decision making for stakeholders [24].
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Figure 3: Random Forest Classifier Output (Room Type)
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Figure 4: Random Forest Classifier Summary (Room Type)
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Figure 5: Logistic Regression Classifier Output (Room Type)
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Figure 6: Logistic Regression Summary (Room Type)



7.1 Results Comparison Metrics on Room Type

	
METRIC
	MODEL 1 (RANDOM FOREST)
	MODEL 2 (LOGISTIC REGRESSION)
	
BETTER

	ACCURACY
	82.217%
	80.045%
	MODEL 1

	KAPPA
	0.6544
	0.6082
	MODEL 1

	MAE
	0.173
	0.2041
	MODEL 1

	RMSE
	0.2988
	0.32
	MODEL 1

	WEIGHTED F-MEASURE
	0.819
	0.792
	MODEL 1

	|PERFORMANCE ON MINORITY CLASS (SHARED ROOM)
	
STRONGER
	
VERY WEAK
	
MODEL 1

	TP RATE (RECALL)
	0.821
	0.776
	MODEL 1

	PRECISION
	0.801
	0.791
	MODEL 1

	F-MEASURE
	0.811
	0.783
	MODEL 1

	ROC AREA
	0.891
	0.858
	MODEL 1


Figure 7: Evaluation Metrics Table


7.2 Executive Summary for Strategic Decision-Making
This study evaluated two machine-learning classification models applied to the refined Airbnb NYC dataset to determine their effectiveness in predicting listing type: Private Room, Entire Home/Apt, and Shared Room. The analysis compared two candidate classifiers using consistent cross-validation and identical preprocessing conditions, ensuring a fair assessment of predictive strength [18].
Model 1 (RF) clearly demonstrated superior performance across nearly all key metrics. It achieved an overall accuracy of 82.2%, outperforming Model 2 (LR) at 80.0%, and delivered stronger reliability as shown by a higher Kappa statistic (0.654 vs 0.608). Error measures, including MAE and RMSE, were also lower for Model 1 (RF), indicating more stable and precise predictions.
A critical strength of Model 1 (RF) lies in its handling of minority classes, particularly Shared Rooms, where Model 2 (LR) struggled significantly correctly identifying only 3.9% of shared-room listings. By contrast, Model 1(RF) detected 30.8%, making it far more suitable in scenarios where identifying niche or underrepresented listings is strategically important. This capability is essential for understanding market segments that may drive low-cost or high-occupancy opportunities [17].
While Model 2 (LR) performed slightly better in recall for Entire Homes/Apartments, this marginal gain does not outweigh its notable weakness on the minority class and lower precision overall.
From a strategic perspective, implementing Model 1(RF) offers clear benefits:
· Improved operational intelligence through more accurate prediction of listing categories.
· Better support for supply-demand analytics, especially for private and shared rooms.
· More reliable segmentation for hosts, investors, and platform stakeholders [27].
· Enhanced decision-making capabilities for pricing, inventory planning, and targeted marketing.
Overall, Model 1(RF) is the recommended model for adoption, offering stronger predictive power, greater class balance, and more dependable performance across key Airbnb listing categories [25].
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Figure 8: Confusion Matrix Heatmap


A confusion matrix heatmap was used to visually analyse the outputs of both classifiers on the attribute of room type. It clearly shows that Random Forest has performed better than Logistic Regression on this attribute.
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Figure 9: Random Forest Classifier Evaluation
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Figure 10: Logistic Regression Classifier Evaluation













7.3 Model Performance Comparison (Random Forest vs Logistic Regression)

The Random Forest classifier notably outperformed Logistic Regression on most evaluation metrics. Its ensemble nature allowed it to capture complex, non-linear relationships in the data. In this analysis, Random Forest achieved higher accuracy, precision, and F1-score across several target categories (e.g., room types or neighbourhood groups). This aligns with similar findings in Airbnb pricing research, where Random Forest consistently performs strongly [23]. For instance, a comparative study demonstrated that Random Forest outperformed Ridge Regression in predicting listing prices, particularly thanks to its ability to model feature interactions and non-linearities.

On the other hand, Logistic Regression, while more modest in accuracy, demonstrated strengths in interpretability. The model’s coefficients provided clear insights into how individual features influence classification decisions [22]. For example, positive coefficients for availability_365 suggested that more available listings are more likely to belong to certain classes, whereas minimum nights had a negative relationship with some less frequent listing types. These kinds of interpretable relationships are consistent with broader hospitality research, which emphasizes balancing model accuracy with explainability to enable actionable insight.



7.4 Overall Performance Metrics

	
METRIC
	MODEL 1 (RANDOM FOREST)
	MODEL 2
(LOGISTIC REGRESSION)
	COMPARISON INSIGHT

	Correctly Classified (%)
	68.70%
	67.29%
	Random Forest performs slightly better overall.

	Incorrectly Classified (%)
	31.30%
	32.71%
	Logistic Regression has a higher error rate.

	Kappa Statistic
	0.5046
	0.476
	Random Forest shows better agreement beyond chance.

	MAE (Mean Absolute Error)
	0.1997
	0.2167
	Random Forest has lower prediction error.

	RMSE (Root Mean Squared Error)
	0.3801
	0.3667
	Logistic Regression slightly better in squared error.

	Relative Absolute Error
	62.08%
	67.39%
	Random Forest is more accurate relative to baseline

	Root Relative Squared Error
	81.08%
	82.21%
	Random Forest again slightly better.


Figure 11: Performance Metrics Table

Summary Random Forest shows marginally better classification accuracy and error metrics across most categories.










7.5 Class-Level Performance Tables

	
METRIC
	MODEL 1 (RANDOM FOREST)
	MODEL 2
(LOGISTIC REGRESSION)
	WINNER

	TP Rate
	0.640
	0.620
	LOGISTIC REGRESSION

	FP Rate
	0.239
	0.283
	RANDOM FOREST

	Precision
	0.593
	0.563
	RANDOM FOREST

	Recall
	0.640
	0.669
	LOGISTIC REGRESSION

	F-Measure
	0.616
	0.611
	RANDOM FOREST

	MCC
	0.395
	0.374
	RANDOM FOREST

	ROC Area
	0.779
	0.760
	RANDOM FOREST

	PRC Area
	0.620
	0.574
	RANDOM FOREST


Figure 12: Medium Class Table
	
	
	
	



	
METRIC
	MODEL 1 (RANDOM FOREST)
	MODEL 2
(LOGISTIC REGRESSION)
	WINNER

	TP Rate
	0.467
	0.358
	RANDOM FOREST

	FP Rate
	0.081
	0.066
	LOGISTIC REGRESSION

	Precision
	0.557
	0.542
	RANDOM FOREST

	Recall
	0.467
	0.358
	RANDOM FOREST

	F-Measure
	0.508
	0.427
	RANDOM FOREST

	MCC
	0.415
	0.347
	RANDOM FOREST

	ROC Area
	0.853
	0.841
	RANDOM FOREST

	PRC Area
	0.558
	0.507
	RANDOM FOREST


Figure 13: High Class Table


	
METRIC
	MODEL 1 (RANDOM FOREST)
	MODEL 2
(LOGISTIC REGRESSION)
	
WINNER

	TP Rate
	0.838
	0.870
	LOGISTIC REGRESSION

	FP Rate
	0.071
	0.112
	RANDOM FOREST

	Precision
	0.670
	0.814
	LOGISTIC REGRESSION

	Recall
	0.838
	0.870
	LOGISTIC REGRESSION

	F-Measure
	0.744
	0.841
	LOGISTIC REGRESSION

	MCC
	0.675
	0.670
	RANDOM FOREST

	ROC Area
	0.914
	0.908
	RANDOM FOREST

	PRC Area
	0.890
	0.868
	RANDOM FOREST


Figure 14: Low Class Table







	
METRIC
	MODEL 1 (RANDOM FOREST)
	MODEL 2
(LOGISTIC REGRESSION)
	
WINNER

	TP Rate
	0.081
	0.002
	RANDOM FOREST

	FP Rate
	0.003
	0.000
	LOGISTIC REGRESSION

	Precision
	0.495
	0.250
	RANDOM FOREST

	Recall
	0.081
	0.002
	RANDOM FOREST

	F-Measure
	0.232
	0.004
	RANDOM FOREST

	MCC
	0.266
	0.020
	RANDOM FOREST

	ROC Area
	0.813
	0.821
	LOGISTIC REGRESSION

	PRC Area
	0.244
	0.120
	RANDOM FOREST


Figure 15: Premium Class Table

Summary: Random Forest consistently outperforms Logistic Regression across most classes, especially for "high" and "premium". Logistic Regression does better for "low" and slightly for "medium".

7.6 Confusion Matrix Insights
· Medium class: Logistic Regression has more correct predictions (11,527 vs. 11,030), but also more misclassifications into "low".
· High class: Random Forest has better balance between correct and incorrect predictions.
· Low class: Logistic Regression has more correct predictions (18,248 vs. 18,322), but slightly more confusion with "medium".
· Premium class: Both models struggle, but Random Forest performs significantly better (158 correct vs. 2).


	
METRIC
	MODEL 1 (RANDOM FOREST)
	MODEL 2 (LOGISTIC REGRESSION)
	
WINNER

	TP Rate
	0.687
	0.673
	RANDOM FOREST

	FP Rate
	0.171
	0.184
	RANDOM FOREST

	Precision
	0.681
	0.661
	RANDOM FOREST

	Recall
	0.687
	0.673
	RANDOM FOREST

	F-Measure
	0.681
	0,659
	RANDOM FOREST

	MCC
	0.521
	0.494
	RANDOM FOREST

	ROC Area
	0.854
	0.842
	RANDOM FOREST

	PRC Area
	0.721
	0.684
	RANDOM FOREST


Figure 16: Weighted Average Table


7.7 Final Verdict
Random Forest classifier is overall more accurate and balanced, especially in handling minority classes like "premium" and "high". Logistic Regression shows stronger performance for the "low" class but struggles significantly with "premium".

[image: Generated Image]
Figure 17: Classifier Performance Comparison Bar Chart


7.8 Clustering

If we also applied k‑Means clustering (or another clustering method) as an unsupervised complement, the clusters revealed natural groupings of listings that echoed the classification model’s important features [19]. For instance, one cluster corresponded to low-priced, high-availability listings in outer boroughs, while another aligned with high-priced, low-availability properties in Manhattan. These cluster-based groupings validated the feature importance findings of the Random Forest model and showed that our classification decisions reflect meaningful, real-world segment differentiation [26].
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Figure 18: Clustering Screenshot


The clustering output reveals three distinct groupings within the Airbnb NYC dataset, formed after nine iterations with a total within-cluster distance of 104,482.93. Cluster 0 (43%) centers around Brooklyn, particularly Williamsburg, featuring private rooms with low prices and minimal availability. Cluster 1 (11%) is the smallest and focuses on Queens, notably Astoria, offering entire apartments with high availability (243 days) and the highest review activity (11 reviews, 0.96/month), suggesting strong guest engagement [20]. Cluster 2 (46%) dominates with listings in Manhattan, especially Hell’s Kitchen, characterized by medium-priced entire apartments, moderate availability, and longer minimum stays. This segmentation highlights three strategic host profiles: budget private rooms in Brooklyn, high-turnover apartments in Queens, and premium mid-range stays in Manhattan. Real-world applications include tailoring marketing strategies, optimizing pricing models, and identifying borough-specific investment opportunities. The centroid attributes offer actionable insights for hosts aiming to align offerings with localized demand and guest behaviour [19].
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Figure 19: Clustering Scatterplot (Longitude, Latitude & Price)

The visualization is based on a WEKA scatter plot, mapping latitude (X-axis) against longitude (Y-axis), with listings color-coded by price category (low, medium, high, premium) [8]. 

Key Insights - High-density clusters in Manhattan: These areas feature a high concentration of premium and medium-priced listings. The market is highly competitive due to proximity to landmarks and business districts. - Emerging zones in Brooklyn and Queens: These boroughs show a mix of medium and low-priced listings, indicating growth opportunities for hosts targeting budget-conscious travellers. - Sparse coverage in Staten Island and Bronx: Listings are fewer and mostly low-priced. These areas present niche opportunities for unique stays and lower-cost operations. 

Price Category Distribution - High-priced listings cluster in central urban zones, particularly Manhattan. - Medium-priced listings are spread across mid-density areas, including parts of Brooklyn and Queens. - Low-priced listings dominate peripheral zones such as the Bronx and Staten Island [19]. 

Strategic Applications - For Hosts: Implement location-based pricing strategies and tailor amenities to local guest expectations. - For Travelers: Consider outer boroughs for value-driven stays with authentic local experiences. - For Investors: Identify undervalued neighbourhoods with rising demand for short-term rentals. - For Urban Planners: Monitor Airbnb saturation to manage its impact on long-term housing availability.	
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Figure 20: Clustering Scatter Plot


Airbnb listings in New York City reveal clear spatial and behavioural segmentation [9]. Scatter plot analysis shows short-term stays dominate, especially in budget and mid-range categories, with dense clusters at low minimum nights. High-priced and premium listings, requiring longer stays, concentrate around central latitudes, likely Manhattan, while low-priced listings spread across outer boroughs. Clustering further identifies three profiles: budget private rooms in Brooklyn (43%), high-turnover entire apartments in Queens (11%), and medium-priced entire apartments in Manhattan (46%). These insights highlight opportunities for tailored marketing, dynamic pricing, and borough-specific investment strategies, supporting hosts and stakeholders in enhancing competitiveness and performance [25].














8. Limitations and Considerations

While the Random Forest model provided strong predictive power, it’s a “black box” model, which can limit how much granular strategic insight hosts can derive without combining it with an interpretable model like Logistic Regression. Additionally, class imbalance (for example, fewer “Shared room” listings) may have affected some class-specific metrics and could benefit from resampling techniques.


8.1 Discussion of Findings

This study evaluated classification models on the AB_NYC_2019 dataset to uncover predictive insights into Airbnb listing performance. Price and availability emerged as dominant predictors, consistent with recent research showing their strong influence on occupancy and profitability [28]. The Random Forest model achieved high accuracy, demonstrating that non-linear interactions among features such as availability, reviews, and neighbourhood are critical. Its feature importance analysis highlighted price and availability_365 as key drivers, reflecting broader findings that advanced models capture complex relationships better than linear approaches.

Logistic Regression, while less accurate, provided valuable interpretability. Coefficient analysis revealed clear relationships, such as the positive impact of availability on classification outcomes, offering actionable guidance for hosts to adjust calendars strategically [22]. Review activity also proved significant, with higher review volumes linked to premium categories, underscoring the importance of guest engagement in building trust and signalling demand.

Limitations included class imbalance, with less common categories like shared rooms predicted less accurately due to fewer examples. Random Forest’s “black box” nature also poses challenges for stakeholder transparency, reinforcing the value of combining it with interpretable models [25]. Strategically, hosts can benefit from data-driven pricing and availability management, while platform managers may leverage predictive insights to refine recommendations and incentivize host behaviours such as increasing reviews. 

Overall, the findings highlight the effectiveness of hybrid modelling—balancing predictive strength with interpretability—to support transparent, data-driven decision-making in the competitive short-term rental market. This dual approach bridges technical analysis with practical strategy, aligning with contemporary advances in Airbnb research.


















9. Business Recommendations

Based on the predictive analysis and classification results of the AB_NYC_2019 dataset, several actionable business recommendations emerge for both Airbnb hosts and platform managers. These recommendations focus on enhancing listing performance, maximizing revenue, and improving overall operational efficiency.

9.1 Optimize Pricing Strategies
Our analysis identified price as one of the most influential factors in listing classification and performance. Hosts should adopt dynamic pricing strategies that reflect demand fluctuations, seasonal trends, and neighbourhood characteristics. For example, adjusting nightly rates based on availability and local events can increase occupancy rates and revenue potential. Recent studies confirm that machine learning-based pricing models can significantly improve profitability compared to static pricing approaches [18].

9.2 Enhance Availability and Calendar Management
The model highlighted availability_365 as a critical predictor. Hosts can improve listing classification and visibility by strategically managing calendar availability. Ensuring that popular listings remain open on high-demand dates, while avoiding excessive blocking of dates, can increase potential bookings and positively affect classification into higher-performing categories [18]. Research indicates that hosts who actively manage availability tend to achieve higher engagement and occupancy.

9.3 Encourage Guest Reviews and Engagement
The number of reviews emerged as a significant factor influencing model predictions. Encouraging guests to provide feedback not only builds trust but also improves predictive visibility in classification models. Platform features such as automated reminders or incentives for reviews can help hosts increase their review count, aligning with findings from recent Airbnb studies that demonstrate a direct correlation between review volume and listing success [5].

9.4 Focus on Geographic Segmentation and Market Targeting
The neighbourhood group variable was shown to significantly affect classification outcomes. Hosts and platform managers should leverage geographic segmentation to tailor marketing efforts. For instance, properties in Manhattan may benefit from premium positioning, while listings in outer boroughs can focus on competitive pricing or unique amenities [8]. Spatial analysis combined with predictive models has been shown to enhance revenue management and targeted promotions.

9.5 Integrate Data-Driven Decision-Making
Airbnb stakeholders should adopt data-driven strategies, combining predictive models like Random Forests with interpretable approaches such as Logistic Regression. This hybrid ensures accuracy and transparency, guiding pricing, availability, reviews, and geographic segmentation to improve listing performance, increase revenue, and enhance competitiveness in the dynamic short-term rental market [5].













10. Conclusion

This study applied predictive analytics to the AB_NYC_2019 dataset, using Random Forest and Logistic Regression in WEKA to balance predictive accuracy with interpretability. Price, availability, reviews, and neighbourhood group emerged as key predictors of Airbnb listing performance. Random Forest captured complex, non-linear relationships and achieved higher accuracy, while Logistic Regression provided interpretable coefficients that clarified feature influence. Preprocessing steps, including encoding, normalization, and handling missing values, ensured robust training. Supplementary clustering revealed natural groupings, reinforcing supervised insights. Findings support hosts in optimizing pricing and availability, while platform managers can refine recommendations, enabling data-driven strategies in the competitive rental market.
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