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[bookmark: _Toc214590525]Abstract
This report presents a comprehensive data mining analysis of the New York City Airbnb dataset (2019) to assist stakeholders in optimising listing categorisation and pricing strategies. The study was conducted in strict adherence to the Cross-Industry Standard Process for Data Mining (CRISP-DM) framework. The primary aim was to categorise listings into price tiers (Low, Medium, High, Premium) and identify natural market segmentations to address the challenge of pricing inefficiency among amateur hosts.
We implemented and critically evaluated four distinct classification algorithms: the J48 Decision Tree, Naive Bayes, Random Forest, and Logistic Regression. The comparative analysis identified Random Forest as the superior model with an accuracy of 68.70%, significantly outperforming the single Decision Tree (66.69%), Logistic Regression (67.29%), and Naive Bayes (61.39%). While Random Forest leveraged ensemble learning to minimise variance, the analysis exposed a critical vulnerability across all models: the "Accuracy Paradox." Logistic Regression, despite high accuracy, failed entirely to detect the minority "Premium" class (Recall: 0.2%), highlighting severe class imbalance. Unsupervised SimpleKMeans clustering ($k=2$) revealed a binary market segmentation (Split: 53% vs 47%), confirming a structural divide between the "Entire Home" professional market and the "Private Room" casual market. This report concludes with strategic recommendations for data augmentation (SMOTE), feature engineering, and the ethical deployment of algorithmic pricing.

[bookmark: _Toc214590526]Introduction
[bookmark: _Toc214590527]Background: The Evolution of the Sharing Economy
The "Sharing Economy" has fundamentally disrupted the global hospitality sector, shifting the paradigm from centralised, asset-heavy hotel chains to decentralised, peer-to-peer marketplaces. Zervas, Proserpio, and Byers [1] note that this shift has compelled traditional hotels to adjust their pricing structures, but it has also imposed complex revenue management responsibilities on individual hosts. In New York City (NYC), one of the world’s largest and most contested short-term rental markets, this challenge is exacerbated by intense competition and regulatory scrutiny (such as the recent Local Law 18).
Unlike traditional hospitality managers who employ sophisticated revenue management systems (RMS) to adjust rates based on demand elasticity, seasonality, and competitor analysis, individual Airbnb hosts often rely on intuition or rudimentary comparisons [2]. This "amateur pricing" leads to market inefficiencies: overpricing results in high vacancy rates, while underpricing results in revenue leakage.
[bookmark: _Toc214590528]The Data Analytics Gap
According to Han, Kamber, and Pei [3], the ability to extract actionable intelligence from raw data is the primary differentiator between successful digital platforms and failing ones. However, the pricing determinants of Airbnb listings are non-linear and highly complex. A study by Wang and Nicolau [4] suggests that price is not merely a function of location, but a complex interaction of "reputation signals" (reviews), "quality signals" (room type), and "spatial convenience" (distance to subway). Misinterpreting these signals is common. For instance, a host might assume that being in "Manhattan" automatically warrants a premium price, failing to account for the negative impact of being in a "Shared Room" configuration.
[bookmark: _Toc214590529]Problem Statement
The core problem addressed in this study is the ambiguity in listing categorisation and the resulting pricing inefficiency. There is a critical need for automated, data-driven systems that can:
Predict the appropriate price category for a new listing based on its objective attributes, removing human bias.
Identify hidden patterns or segments in the market via clustering, allowing for more targeted marketing strategies.
Evaluate which machine learning approach (Trees, Probabilistic, or Ensembles) is most suitable for this domain.
[bookmark: _Toc214590530]Aim and Objectives
This project aims to apply classification techniques to categorise Airbnb listings based on selected features, and to complement this analysis with clustering to uncover patterns and generate insights that support effective decision-making.
To achieve this aim, the following specific objectives were established:
Data Preparation: To systematically clean and preprocess the AB_NYC_2019 dataset, handling missing values and high-cardinality attributes to ensure data quality.
Multivariate Analysis: To visualise and interpret the interactions between key variables (Location, Room Type, Price) before modelling.
Modelling: To implement and evaluate four distinct algorithms—J48, Naive Bayes, Random Forest, and Logistic Regression—to cover the spectrum of symbolic, probabilistic, ensemble, and statistical learning.
Clustering: To apply SimpleKMeans clustering to identify underlying market segments without supervision.
Critical Evaluation: To assess model performance using metrics beyond simple accuracy (Confusion Matrices, Recall), specifically analysing the impact of class imbalance.

[bookmark: _Toc214590531]Literature Review
[bookmark: _Toc214590532]Data Mining in the Hospitality Industry
Data mining is defined as the process of discovering interesting, unexpected, and valuable patterns from large datasets [3]. In the context of hospitality, predictive analytics enables "Dynamic Pricing." Gibbs et al. [5] found that hosts who utilise dynamic pricing algorithms earn significantly more revenue than those who use static pricing. However, applying these models to Airbnb is challenging due to data heterogeneity. Unlike a hotel with standardised "King Rooms," every Airbnb listing is unique.
[bookmark: _Toc214590533]Theoretical Foundations of Classification Algorithms
[bookmark: _Toc214590534]Decision Trees (J48/C4.5)
The J48 algorithm is an implementation of Quinlan's C4.5 [6]. It uses a "Divide and Conquer" strategy.
Entropy and Information Gain: The algorithm calculates the Entropy (a measure of disorder) of the dataset and splits it using the attribute that provides the highest Information Gain.
Interpretability: Witten and Frank [7] emphasise that Decision Trees are "White Box" models. Their logical rules (e.g., IF Manhattan AND Entire Home THEN High) align well with business requirements for transparency, allowing hosts to trust the recommendation.
[bookmark: _Toc214590535]Random Forest (Ensemble Learning)
Breiman [8] introduced Random Forest to address the limitations of single decision trees, specifically their tendency to overfit (high variance).
Bagging (Bootstrap Aggregating): Random Forest builds hundreds of trees. Each tree is trained on a random subset of the data (bootstrap sample) and considers a random subset of features at each split.
Wisdom of Crowds: By averaging the predictions of uncorrelated trees, the ensemble reduces the overall variance, typically resulting in higher accuracy than any single constituent tree [9].
[bookmark: _Toc214590536]Naive Bayes (Probabilistic Learning)
Naive Bayes is based on Bayes' Theorem :. It assumes "class conditional independence," meaning it treats every feature as unrelated to every other feature [7]. Xhemali et al. [10] argue that while computationally cheap, this assumption is often violated in real-world data (e.g., "Neighbourhood" and "Price" are correlated), leading to suboptimal performance.
[bookmark: _Toc214590537]Logistic Regression (Statistical Learning)
Logistic Regression is a statistical method used for binary and multiclass classification. It models the probability of a class using a sigmoid function. Menard [11] notes that Logistic Regression assumes a linear relationship between the input variables and the log odds of the outcome. It serves as a robust "baseline" to determine if complex machine learning is necessary.
3.3 Clustering and Market Segmentation
Clustering is an unsupervised technique. Jain [12] identifies K-Means as the standard algorithm for partitioning data. It minimises the Euclidean distance between points and their assigned cluster centroids. In marketing, this is used for "Customer Segmentation," grouping inventory into "Budget," "Business," and "Luxury" tiers based on attributes rather than price tags.
[bookmark: _Toc214590538]The Accuracy Paradox and Class Imbalance
A critical concept in this report is the Class Imbalance Problem. He and Garcia [13] explain that in many real-world datasets, the "interesting" class (e.g., Fraud, Cancer, or, in this case, "Premium Listings") is rare. Standard algorithms optimise for global accuracy (minimising total error). If the minority class is only 1% of the data, a "dumb" model that predicts the majority class 100% of the time achieves 99% accuracy. This is known as the "Accuracy Paradox" [14], where a model with high accuracy is functionally useless because it fails to detect the target of interest.












[bookmark: _Toc214590539]Methodology
[bookmark: _Toc214590540]The CRISP-DM Framework
This project followed the Cross-Industry Standard Process for Data Mining (CRISP-DM) framework [15], ensuring a structured lifecycle:
Business Understanding: Defining the goal of price optimisation.
Data Understanding: Exploratory analysis of the AB_NYC_2019 dataset.
Data Preparation: Cleaning and feature selection.
Modelling: Comparative analysis of four algorithms.
Evaluation: Deep analysis of Confusion Matrices.
Deployment: (Covered in Recommendations).
[bookmark: _Toc214590541]Dataset Description
The analysis utilised the open-source AB_NYC_2019.csv dataset. The original raw dataset contained approximately 49,000 instances.
Target Variable: A derived attribute, price_category, was created by binning the continuous price variable into four distinct classes: Low (c), Medium (a), High (b), and Premium (d). This transformation turns a regression problem into a classification problem, which is often more robust for noisy data.
[bookmark: _Toc214590542]Data Preprocessing Steps
Data quality is paramount. "Garbage In, Garbage Out" applies strictly here.
Dimensionality Reduction (Feature Selection):
High-cardinality string attributes (id, name, host_name, last_review) were removed. Guyon and Elisseeff [16] emphasise that variable selection is crucial to avoid the "curse of dimensionality." These unique identifiers do not generalise; including them would cause the model to memorise IDs rather than learning patterns.
Handling Missing Values:
The reviews_per_month attribute contained nulls (representing zero reviews). We applied the ReplaceMissingValues filter (unsupervised, mean imputation). Batista and Monard [17] demonstrate that imputation preserves statistical power better than listwise deletion.
Normalization:
For Logistic Regression, unscaled data can be problematic. However, Weka's implementation of Logistic Regression automatically standardises inputs, so manual Z-score normalisation was not required. Decision Trees (J48/Random Forest) are invariant to feature scaling.
[bookmark: _Toc214590543]Exploratory Multivariate Analysis
Before modelling, we visualised the data using Weka's scatter plot matrix to check for non-linear separability.
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[bookmark: _Toc214589606][bookmark: _Toc214589811]Figure 1: Multivariate Scatter Plot Matrix generated in Weka
Analysis of Figure 1:
The visualisation revealed:
Spatial Clustering: Listings in Manhattan (Neighbourhood Group 1) show a much wider variance in price (extending into "Premium") compared to the Bronx.
Room Type Dependency: There is a hard separation in price floors between "Shared Room" and "Entire Home."
This confirms that the decision boundary is non-linear, suggesting that linear models (like Logistic Regression) might struggle compared to non-linear models (like Random Forest).
[bookmark: _Toc214590544]Results and Analysis
[bookmark: _Toc214590545]Model 1: J48 Decision Tree (The White Box)
[image: A grey and white text

AI-generated content may be incorrect.]
[bookmark: _Toc214589607][bookmark: _Toc214589812]Figure 2:Visualised J48 Decision Tree
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[bookmark: _Toc214589608][bookmark: _Toc214589813]Figure 3: J48 Confusion Matrix
Accuracy: 66.69%
Premium Recall: 171 instances identified.
Analysis: The tree heavily prioritised room_type as the root node, followed by neighbourhood_group. This aligns with domain knowledge. However, the "greedy" nature of the single tree led to overfitting on the majority class ("Low"), missing the nuances of the "High" vs "Medium" distinction. As seen in the matrix, confusion is highest between Class A (Medium) and Class B (High).
[bookmark: _Toc214590546]Model 2: Naive Bayes (The Baseline)
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[bookmark: _Toc214589609][bookmark: _Toc214589814]Figure 4: Naive Bayes Confusion Matrix
Accuracy: 61.39%
Analysis: This was the worst-performing model. The result confirms that the "Independence Assumption" is flawed for real estate data. Location and Price are not independent; they are causally linked. Naive Bayes failed to capture these interactions, resulting in a high false-negative rate for "Medium" listings.
[bookmark: _Toc214590547]Model 3: Random Forest (The Ensemble)
The Random Forest was configured with 100 trees (numTrees=100) to ensure sufficient variance reduction.
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[bookmark: _Toc214589610][bookmark: _Toc214589815]Figure 5: Random Forest Confusion Matrix
Performance Metrics:
Correctly Classified Instances: 33,592 (68.70%)
Incorrectly Classified Instances: 15,303 (31.30%)
Kappa Statistic: 0.50 (Moderate Agreement)
Critical Analysis:
Random Forest is the superior model. It improved the classification of the difficult "High" category (4,082 correct vs 3,925 for J48). This confirms Breiman's theory [8] that ensemble methods handle noise better than single estimators. However, even with one hundred trees, it missed most Premium listings, misclassifying 499 of them as "High."
[bookmark: _Toc214590548]Model 4: Logistic Regression (The Statistical Trap)
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[bookmark: _Toc214589816]Figure 6: Logistic Regression Confusion Matrix
Accuracy: 67.29% (2nd Place)
Critical Analysis:
This result is the most interesting finding of the report. Logistic Regression achieved high accuracy (nearly beating Random Forest), but it correctly identified only two premium listings (as seen in the matrix column 'd).
This is the Accuracy Paradox in action. The regression model learned that "Premium" listings are so rare (statistically insignificant) that the optimal strategy to minimise global error is to simply ignore them. While statistically valid, this model is operationally useless for identifying luxury inventory. It demonstrates why "Accuracy" is a dangerous metric in imbalanced datasets [13].
[bookmark: _Toc214590549]Clustering Analysis (SimpleKMeans)
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[bookmark: _Toc214589817]Figure 7: Cluster Centroids
Results:
Cluster 0 (53%): Centroid = {Manhattan, Entire Home, High Availability}
Cluster 1 (47%): Centroid = {Brooklyn, Private Room, Low Availability}
Interpretation:
The clustering ignored price but still perfectly reconstructed the "Professional vs Casual" divide in the market. Cluster zero represents commercial operators (entire homes, available year-round), while Cluster 1 represents the "sharing" aspect (spare rooms). This unsupervised validation strengthens our confidence in using room_type and neighbourhood as primary predictors.









[bookmark: _Toc214590550]Discussion
[bookmark: _Toc214590551]Comparative Analysis: Ensembles vs. Single Classifiers
The results provide a definitive hierarchy of model suitability:
Random Forest (68.7%): Best handling of non-linearities and noise.
Logistic Regression (67.3%): High accuracy but failed on minority classes.
J48 (66.7%): Good balance of accuracy and interpretability.
Naive Bayes (61.4%): Failed due to feature dependence.
The success of Random Forest over J48 (approx. +2% accuracy) validates the use of "Bagging" to reduce variance. In a high-stakes environment like NYC real estate, a 2% improvement translates to thousands of correctly priced listings.
[bookmark: _Toc214590552]The "Glass Ceiling" of Structured Data
Despite using advanced algorithms, accuracy plateaued around 68%. This suggests a theoretical limit to what can be predicted using only location and room type. As noted by Wang and Nicolau [4], "Soft attributes" such as interior design quality, view, and amenities (Pool, Gym) are significant price drivers. These were absent from our structured dataset. No algorithm can predict a "Premium" price for a listing if it does not know the listing has a view of Central Park.
[bookmark: _Toc214590553]Ethical Considerations in Algorithmic Pricing
Using algorithms to set prices raises ethical questions. O'Neil [18] warns of "Weapons of Math Destruction," where algorithms perpetuate bias. If the model learns that certain neighbourhoods (historically marginalised ones) always equal "Low Price," it may enforce a "digital redlining," preventing hosts in those areas from ever commanding fair market rates even if they offer premium amenities. The "White Box" nature of J48 is preferable here, as it allows us to audit the rules for such bias.










[bookmark: _Toc214590554]Recommendations
[bookmark: _Toc214590555]Strategy 1: Addressing Class Imbalance (SMOTE)
The failure to detect "Premium" listings is the project's biggest limitation. We recommend implementing SMOTE (Synthetic Minority Over-sampling Technique). Chawla et al. [19] demonstrated that generating synthetic examples of the minority class is superior to simple oversampling. By creating "fake" Premium listings in the training data that are mathematically like real ones, we can force the Random Forest to respect the minority class.
[bookmark: _Toc214590556]Strategy 2: Feature Engineering (Text Mining)
To break the 68% accuracy ceiling, we must incorporate unstructured data. Using Weka's StringToWordVector filter, we should extract keywords from the name column (e.g., "Penthouse," "Luxury," "View"). Adding these as binary attributes would provide the "Quality Signals" currently missing from the model [20].
[bookmark: _Toc214590557]Strategy 3: Deployment and A/B Testing
For deployment, we recommend a "Human-in-the-Loop" system.
Primary Engine: Random Forest (for its accuracy).
Audit Layer: J48 (to explain why the price was chosen).
Validation: A/B testing where 50% of hosts receive the algorithmic price and 50% use their own, comparing revenue outcomes over 3 months [21].











[bookmark: _Toc214590558]Conclusion
This project successfully executed a rigorous data mining workflow on the NYC Airbnb dataset. By expanding the comparative analysis to four algorithms, we identified Random Forest as the superior model (68.70% accuracy), validating the efficacy of ensemble learning. The study also exposed the dangers of relying on simple accuracy metrics, as demonstrated by the Logistic Regression model's complete failure to detect the premium market segment.
The clustering analysis confirmed a binary market structure ("Professional" vs "Casual"), providing a clear basis for market segmentation. While the models showed promise, the Accuracy Paradox regarding luxury listings remains a barrier to full automation. Future work must prioritize SMOTE for data balancing and Text Mining for feature extraction to build a truly robust pricing engine.
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