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[bookmark: _Toc214574040]Abstract
This report aims to analyse the Airbnb New York City 2019 dataset using machine learning methods to understand patterns in room types and listing behaviour. Three models were applied in Weka: the J48 decision tree, the Random Forest classifier, and the K-Means clustering algorithm. The J48 model achieved an accuracy of 82.98%, while the Random Forest model performed better with an accuracy of 86.21%, showing stronger predictive ability for distinguishing between private rooms, entire homes/apartments, and shared rooms. K-Means clustering grouped listings into three clusters, revealing clear differences in listing price, availability, and host behaviour. The findings suggest that machine learning can help identify important factors influencing room type classification and support decision-making for pricing, availability planning, and host activity. Overall, the Random Forest model produced the most reliable results, while clustering provided useful additional insights into listing patterns.
[bookmark: _Toc214574041]Introduction
Machine learning is widely used in modern data analysis because it enables organisations to discover patterns, make predictions, and support evidence-based decision-making (Witten et al., 2017). Digital platforms such as Airbnb generate large volumes of data, and analysing this information can reveal important trends in user behaviour, pricing, and property characteristics (Li et al., 2021). Understanding these patterns is useful for platform managers, hosts, and policy makers who rely on data to improve services and make informed decisions.
The purpose of this report is to apply machine learning techniques to the Airbnb New York City 2019 dataset to explore how listings differ and which attributes influence room type classification. Three models available in Weka were used: the J48 decision tree, the Random Forest classifier, and the K-Means clustering algorithm. J48 and Random Forest are supervised classification methods designed to predict room type using variables such as price, location, number of reviews, and host activity. Ensemble models such as Random Forest often provide stronger predictive performance because they combine multiple decision trees, reducing overfitting and increasing accuracy (Gyódi, 2024). In contrast, K-Means is an unsupervised learning method that identifies natural groupings within the data without relying on predefined categories, making it suitable for exploring patterns in listing behaviour (Jain, 2010).
By applying both supervised and unsupervised methods, this report aims to provide a broad understanding of the dataset. The analysis includes data preparation, model training in Weka, evaluation of results using accuracy metrics and confusion matrices, and interpretation of cluster outputs. Comparing the models helps identify the most effective technique and provides insights that can support pricing strategies, host decision-making, and wider platform management.
[bookmark: _Toc214574042]Literature Review
Predictive analytics is widely used in data-driven industries because it helps organisations make decisions based on patterns found in historical data. According to Shmueli and Koppius (2019), predictive analytics focuses on building models that learn from data to forecast future outcomes or classify new observations. These techniques have become especially important in digital platforms, where large datasets are generated through user activity and online behaviour (Provost & Fawcett, 2020).
Supervised machine learning models, such as J48 and Random Forest, are commonly used for classification tasks. J48 is a decision tree algorithm that produces simple rules and is easy to understand, but it can suffer from overfitting when the dataset is complex (Witten et al., 2017). In contrast, Random Forest is an ensemble method that combines multiple decision trees using random sampling and feature selection. This approach increases accuracy and reduces overfitting, making Random Forest more reliable for large datasets (Zhou, 2021). Recent studies highlight that ensemble models often outperform single-tree models because they capture more variation in the data (Zhang & Ma, 2020).
Unsupervised learning methods, such as K-Means clustering, group data points based on similarity without using predefined labels. K-Means is one of the most widely used clustering algorithms and is effective for identifying natural patterns in large datasets (Jain, 2010). Clustering can reveal hidden structures in the data, such as price patterns or host behaviour in Airbnb listings, which cannot be captured through classification alone. Association rule mining, such as the Apriori algorithm, is another unsupervised method used to discover relationships between variables, but clustering is more suitable for numerical datasets like Airbnb prices and availability (Tan et al., 2020).
To evaluate classification models, several performance metrics are commonly used. Accuracy measures the proportion of correct predictions, but it may not be reliable when classes are imbalanced (Sammut & Webb, 2017). Precision and recall provide more detailed insights, especially for minority classes. F-measure combines both precision and recall into a single score. The Kappa statistic is also widely used because it measures how much the model’s predictions agree with the actual outcomes while accounting for chance agreement. Research shows that Kappa provides a more realistic evaluation than accuracy alone when dealing with uneven class distributions (Chicco & Jurman, 2020). These metrics help assess how well the J48 and Random Forest models classify Airbnb room types.
Overall, existing literature shows that classification and clustering techniques are effective tools for analysing large datasets and uncovering meaningful patterns. The reviewed studies support the use of J48, Random Forest, and K-Means in this project and highlight appropriate evaluation metrics for assessing model performance.
[bookmark: _Toc214574043]Dataset Description
[bookmark: _Toc214574044]Overview of the Dataset
The dataset used in this project is the AB_NYC_2019 Airbnb dataset, which is publicly available through NYC Open Data. It contains information about Airbnb listings across New York City, including details about prices, locations, host activity, availability, and listing characteristics. The dataset includes 48,895 instances and originally 16 attributes, but after preprocessing the cleaned dataset used in this report contains 13 key attributes (as seen in Assignment 1) .
The dataset includes a mixture of numeric variables (e.g., price, minimum nights, number of reviews, latitude, longitude, availability_365) and categorical variables (e.g., neighbourhood_group, room_type). These variables provide a rich foundation for predictive analytics, classification, and clustering tasks.
[bookmark: _Toc214574045]Preprocessing Summary (Based on Assignment 1 Work)
In Assignment 1, several data cleaning and preprocessing steps were applied to improve data quality and support more accurate modelling. The steps included:
Handling Missing Values
Missing dates, reviews, and other fields were cleaned or replaced using appropriate methods. This ensured that models did not fail because of null values (shown on page 2 of the file).
Removing Duplicates
Duplicate rows were identified and removed to prevent repeated listings from biasing the analysis.
Fixing Extreme or Unrealistic Values
Extreme prices and unrealistic minimum night values were capped or removed (e.g., very expensive listings or extremely high minimum nights). Page 10 shows price distribution capped at the 99.5th percentile.
Log Transformation of Price
A log transformation was applied to the price variable to reduce skewness and make the distribution more suitable for modelling (page 9).
Date Cleaning
Problematic date fields such as last_review were corrected and formatted properly.
Outlier Removal
Values such as minimum_nights and availability_365 were checked for extreme outliers. For example, page 7 highlights unusual availability patterns (0 or 365 days), which helped guide the cleaning process.
[bookmark: _Toc214574046]
Why This Preprocessing Matters
These cleaning steps were necessary to improve the reliability of the models. Without preprocessing, noise in the data—such as extreme prices, invalid dates, or duplicated rows—could negatively affect the performance of classification algorithms (like J48 and Random Forest) and clustering models (like K-Means).
[bookmark: _Toc214574047]Methodology / Model Implementation
This section explains how each model (J48, Random Forest, and K-Means) was built in Weka, why the model was chosen, how the settings were configured, and what steps were followed during implementation.

[bookmark: _Toc214574048]J48 Decision Tree
[bookmark: _Toc214574049]Why J48 Was Chosen
J48 (Weka’s version of the C4.5 algorithm) was chosen because it is easy to interpret, fast to train, and works well with both numerical and categorical variables. It is commonly used in data mining education because it shows clear decision rules, which support understanding and transparency in the classification process.
[bookmark: _Toc214574050]Attribute Selection
All cleaned attributes were retained except ID-related fields, because identifiers do not help prediction. The model predicted the target variable room_type using relevant attributes such as price, minimum_nights, number_of_reviews, and availability_365.
[bookmark: _Toc214574051]Parameters Used
The J48 model used the default Weka settings, which include:
· Confidence factor (C): 0.25
· Minimum number of instances per leaf: 2
· Unpruned: False (meaning the tree is pruned to avoid overfitting)
These settings were chosen because they balance accuracy and simplicity without making the model too complex.
[bookmark: _Toc214574052]Steps Taken in Weka
1. Open Weka Explorer → Classify
2. Click Choose → trees → J48
3. Keep default parameters
4. Select 10-fold cross-validation
5. Choose room_type as the class attribute
6. Click Start to build and evaluate the model
The model successfully ran and produced an accuracy of ~83%, with clear decision rules.

[bookmark: _Toc214574053]Random Forest Classifier
[bookmark: _Toc214574054]Why Random Forest Was Chosen
Random Forest was selected because it is a stronger and more stable classifier compared to a single decision tree. It combines many different trees and reduces overfitting by averaging their predictions. It also performs well with large datasets such as this one (48,895 rows).
[bookmark: _Toc214574055]Number of Trees & Parameters
The Random Forest model was run using Weka’s default settings:
· Number of trees (I): 100
· Number of features considered per split (K): 0 (meaning Weka selects automatically)
· Seed: 1
· 10-fold cross-validation
These settings ensure a balance between accuracy and computation time.
[bookmark: _Toc214574056]How Cross-Validation Was Applied
The model used 10-fold cross-validation, meaning Weka divided the dataset into 10 equal parts, trained the model on 9 parts, and tested it on the remaining part. This process repeated 10 times, giving a reliable average accuracy.
[bookmark: _Toc214574057]Memory / Heap Issue Acknowledgement
During model execution, the Random Forest model produced an “Out of Memory” error at first, because Random Forest uses more RAM than J48.
To fix this, the Java heap size was increased by editing the RunWeka.ini file with:
javaOpts=-Xmx2048m %JAVA_OPTS% (Code)
After increasing the heap size, Random Forest successfully ran and achieved an accuracy of ~86%, which is higher than J48.

[bookmark: _Toc214574058]K-Means Clustering (Unsupervised Learning)
[bookmark: _Toc214574059]Why K=3 Was Selected
The K-Means clustering model used K = 3, because the dataset contains three natural room categories (Private room, Entire home/apt, Shared room). Although clustering is unsupervised, using K=3 allowed us to observe whether natural clusters in the numeric data align with these categories.
[bookmark: _Toc214574060]Attribute Selection / Normalisation
Before clustering, only numeric attributes were selected (e.g., price, minimum_nights, number_of_reviews, availability_365).
Categorical fields were removed because K-Means needs numerical inputs.
Weka automatically normalises (standardises) attributes internally for K-Means to avoid giving more weight to attributes with large numbers (such as availability_365).
[bookmark: _Toc214574061]Parameters Used in Weka
The model used Weka’s SimpleKMeans with:
· K = 3 clusters
· Max iterations: 500
· Seed: 10
· Distance function: Euclidean
· Preserve order enabled
· Store clusters for visualization enabled
[bookmark: _Toc214574062]Steps Taken in Weka
1. Open Weka Explorer → Cluster
2. Click Choose → SimpleKMeans
3. Set K = 3
4. Keep default settings
5. Select Use training set
6. Start model
7. View cluster centroids and cluster sizes
The final results showed three distinct clusters with different patterns in price, minimum nights, and availability.

[bookmark: _Toc214574063]Summary of the Methodology
Table 1:Summary of Model Purposes, Selection Reasons, and Key Configuration Settings
	Model
	Purpose
	Why Chosen
	Key Settings
	Notes

	J48
	Classification
	Easy to interpret, stable
	Default parameters + 10-fold CV
	Best for interpretability

	Random Forest
	Classification
	High accuracy, robust
	100 trees, 10-fold CV
	Initially caused memory issue

	K-Means (K=3)
	Clustering
	Explore natural groups
	K=3, numeric attributes only
	Produces cluster centroids



[bookmark: _Hlk214562446][bookmark: _Toc214574064]Model Evaluation, Results Analysis, and Comparison
[bookmark: _Toc214574065]Performance Evaluation of the J48 Classification Model
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Figure 1:J48 Decision Tree Model – Summary of Classification Accuracy
[bookmark: _Toc214574066]1. J48 Decision Tree Results
The J48 decision tree achieved an accuracy of 82.98%, which shows that the model is able to correctly predict the room type for most listings in the dataset. Decision trees are known for being easy to interpret because they split data using simple rules based on the most informative attributes (Quinlan, 1993). In this model, variables such as price, minimum nights, latitude, and calculated host listing count were the most important factors influencing prediction.
The Kappa statistic of 0.6676 indicates a substantial level of agreement between the predicted and actual classes, which means the model performs much better than random chance (McHugh, 2012). However, performance varies across classes. The model performed strongly for Private room and Entire home/apt, with high precision and recall values. In contrast, the Shared room category had much lower recall (0.226), showing that the model found this class more difficult to identify. This is common in datasets where one class is less frequent, leading to class imbalance (Sun et al., 2009).
Overall, the results suggest that the J48 model is reliable for predicting commonly occurring room types, but additional techniques—such as resampling or cost-sensitive learning—may improve results for minority classes. Decision trees remain a suitable choice for this type of classification because they handle mixed data, are intuitive, and require little data preparation (Han, Kamber & Pei, 2012).
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Figure 2:Confusion Matrix for J48 Model Predicting Room Type
[bookmark: _Toc214574067]2. J48 Confusion Matrix Analysis 
The confusion matrix helps show how well the J48 model predicted each room type. It compares the actual class with the predicted class, allowing us to see where the model is correct and where it makes mistakes. Confusion matrices are widely used in classification because they provide a detailed, class-by-class breakdown of model performance (Han, Kamber & Pei, 2012).
For Private room, the model correctly classified 18,017 listings, but misclassified 4,240 as Entire home/apt and 69 as Shared room. This shows that the model performs well with this class because the majority of instances are placed in the correct category, which is supported by its high recall value (0.807).
For Entire home/apt, the model performed very strongly, correctly predicting 22,295 listings. Only 3,111 were misclassified as Private room, and just 3 as Shared room. This means the model is very reliable in identifying this room type. Decision tree models are often strong when one class has clear, consistent patterns in the data (Quinlan, 1993).
The Shared room category is where the model struggles the most, with only 262 correct predictions. A large number of Shared rooms were incorrectly predicted as Private rooms (760) or Entire home/apt (138). This is a common problem in machine learning when a class is small compared to others, known as class imbalance, which reduces model accuracy for minority classes (Sun, Wong & Kamel, 2009). The low recall for Shared room (0.226) confirms this weakness.
Overall, the confusion matrix shows that the J48 decision tree performs well for major classes but has difficulty predicting the smallest class. This pattern is typical in decision tree models when dataset imbalance is present, and it highlights an area for improvement using techniques such as resampling, cost-sensitive learning, or balancing the dataset (He & Garcia, 2009).
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Figure 3:Detailed Accuracy by Class for the J48 Classifier
[bookmark: _Toc214574068]3. Detailed Accuracy by Class
The “Detailed Accuracy by Class” table shows how well the J48 model performs for each type of Airbnb room. These measures (precision, recall, F-measure) are widely used to assess the quality of classification models because they give a more complete understanding than accuracy alone (Han, Kamber & Pei, 2012).
The model performs well for Private room and Entire home/apt, with high precision (0.823 and 0.836) and high recall (0.807 and 0.877). High precision means the model’s predictions for these classes are usually correct, while high recall means the model successfully identifies most listings that belong to these categories. These results show that the decision tree can recognise strong patterns in these two common classes, which is typical when the dataset contains many examples of a class (Quinlan, 1993).
However, the model struggles with the Shared room category. Its recall is very low (0.226), meaning the model fails to identify many actual shared-room listings. This happens because the Shared room class has far fewer examples in the dataset, creating class imbalance. Imbalanced datasets often reduce classifier performance for minority classes because the model learns more from the majority classes (Sun, Wong & Kamel, 2009). Although precision for Shared room is fairly high (0.784), the poor recall indicates that the model misses many true shared-room listings.
The weighted averages across all classes (Precision = 0.829, Recall = 0.830, F-measure = 0.825) show that overall performance is strong. The ROC area values also indicate good discriminative ability, especially for Private room (0.881) and Entire home/apt (0.899). ROC values near 1 represent good model performance (Fawcett, 2006).
Overall, this table shows that the J48 decision tree classifies the most common room types effectively but needs improvement for rare classes. This pattern is typical in decision tree models applied to imbalanced datasets, and techniques such as resampling or cost-sensitive learning could help improve performance (He & Garcia, 2009).
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Figure 4:Random Forest classification results showing overall accuracy, class-wise performance metrics, and the confusion matrix.
[bookmark: _Toc214574069]Random Forest Classification Results
The Random Forest model performed very well on the dataset, achieving an overall classification accuracy of 86.2%, which is higher than the accuracy of the J48 decision tree model. This means the model correctly predicted the room type (Private room, Entire home/apt, or Shared room) for most listings. The Kappa statistic of 0.73 shows strong agreement between the model’s predictions and the actual values, confirming that the model is reliable (Breiman, 2001).
Looking at the detailed class-by-class accuracy, the model performed best for Entire home/apt, with a True Positive Rate (recall) of 0.895, meaning it correctly identified almost 90% of these listings. It also achieved high Precision (0.871) for this class, showing that most predictions were correct. The performance for Private room was also strong, with a recall of 0.851. However, the model struggled more with the Shared room category, which had a much lower recall of 0.371. This happens because Shared rooms are rare in the dataset, giving the model less information to learn from.
The confusion matrix confirms this pattern. The model correctly classified many Private rooms (18,998) and Entire home/apartments (22,729), but the Shared room class shows more misclassification, with many Shared rooms being predicted as Private rooms. Despite this, the overall performance is still strong, and the model provides a more stable and accurate prediction compared to single decision-tree methods, which is expected because Random Forest reduces overfitting by averaging many trees (Zhang & Ma, 2012).
Overall, the Random Forest model demonstrates high predictive power and is the best-performing classification model among those tested.
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Figure 5:Interpretation of K-Means Clustering Results
[bookmark: _Toc214574070]K-Means Clustering Results
The K-Means model grouped all 48,895 Airbnb listings into three clusters based on eight numerical attributes (latitude, longitude, price, minimum nights, number of reviews, reviews per month, calculated host listings count, and availability). K-Means is an unsupervised machine learning method that forms clusters by grouping data points that are similar to each other but different from other groups (Jain, 2010).
The cluster results are summarised below:
Cluster Sizes
· Cluster 0: 27,416 listings (56%)
· Cluster 1: 9,514 listings (19%)
· Cluster 2: 11,965 listings (24%)
This means the dataset is dominated by one large group, and two smaller but meaningful groups.

Cluster-by-Cluster Interpretation
[bookmark: _Toc214574071]Cluster 0 – Low-Price, Low-Activity Listings (56%)
Listings in this cluster have:
· Low price (mean ≈ 137 USD)
· Low number of reviews (≈ 15)
· Very low availability (≈ 11 days/year)
· Very few host listings (≈ 1.8)
This cluster mainly represents:
· Cheaper Airbnb rooms
· Hosts with only one or small number of listings
· Properties that are rarely available (possibly inactive or highly booked)
This might include one-room rentals or occasional hosts who do not rent out frequently.

[bookmark: _Toc214574072]Cluster 1 – Mid-Range, High-Interaction Urban Listings (19%)
Listings in this cluster show:
· Medium price (≈ 162 USD)
· Very high number of reviews (≈ 35)
· Higher reviews per month (≈ 1.9)
· Moderate availability (≈ 147 days/year)
Interpretation:
These listings seem to be popular, frequently booked properties in busy neighbourhoods.
Users interact more with these listings (high reviews), suggesting:
· High guest turnover
· Potentially good location
· Strong demand
These likely represent mid-range apartments attracting regular bookings.

[bookmark: _Toc214574073]Cluster 2 – High-Price, High-Availability Professional Listings (24%)
These listings have:
· Highest price (≈ 182 USD)
· High host listing count (≈ 20 listings per host)
· Very high availability (≈ 317 days/year)
Interpretation:
This cluster appears to represent professional hosts who manage multiple properties.
Their listings:
· Are more expensive
· Remain available most of the year
· Receive a moderate number of reviews (≈ 32)
This could indicate:
· Business-oriented rental properties
· Entire apartments or premium options
· Properties managed by companies or large-scale hosts

[bookmark: _Toc214574074]Overall Meaning of the Clusters
The K-Means results show three distinct groups in the Airbnb market:
Table 2: Meaning of the Three Clusters Produced by K-Means (K = 3)
	Cluster
	Summary Meaning

	0
	Low-cost, low-activity listings, occasional hosts

	1
	Medium-priced, high-demand listings, urban hotspots

	2
	High-priced, professional listings with high availability



These findings suggest that Airbnb properties form natural groups based on price, host size, and guest activity patterns. This is consistent with research showing that Airbnb markets often divide into casual hosts, high-demand listings, and commercial operators (Wachsmuth & Weisler, 2018).

[bookmark: _Toc214574075]Summary of Machine Learning Results
In summary, three models were explored in Weka: J48, Random Forest, and K-Means clustering. Among the classification models, Random Forest showed the best performance with an accuracy of 86.2%, outperforming the J48 decision tree. This shows the advantage of ensemble methods, which improve prediction quality by combining multiple decision trees (Breiman, 2001). Although both models struggled with the “Shared room” category due to class imbalance, Random Forest still managed to produce higher recall and precision overall. The K-Means clustering helped group listings into meaningful clusters based on price, availability, and host activity. Together, these models provide valuable insights into Airbnb listing patterns in New York and demonstrate how machine learning can support data-driven decision making.



[bookmark: _Toc214574076]Model Comparison
This section compares the performance of the two classification models used in the study: J48 Decision Tree and Random Forest. The comparison is based on accuracy, precision, recall, ROC values, and their overall strengths and weaknesses.

[bookmark: _Toc214574077]Overall Performance
Random Forest performed better than J48 across almost all evaluation metrics.
Table 3: Comparison of Overall Performance Metrics for J48 and Random Forest Models
	Metric
	J48
	Random Forest
	Better Model

	Accuracy
	83%
	86%
	Random Forest

	Kappa
	0.731
	0.736
	Random Forest

	Weighted Precision
	0.829
	0.863
	Random Forest

	Weighted Recall
	0.830
	0.862
	Random Forest

	Weighted F-measure
	0.825
	0.860
	Random Forest



Random Forest clearly shows higher accuracy and more consistent performance.

[bookmark: _Toc214574078]Class-Level Performance
Random Forest also performs better for the two major classes:
Private room
· J48 Recall: 0.807
· RF Recall: 0.851
Entire home/apt
· J48 Recall: 0.877
· RF Recall: 0.895
For the Shared room category, both models show lower performance, but Random Forest still has higher precision.

[bookmark: _Toc214574079]Interpretation of the Differences
Why Random Forest Performs Better
Random Forest builds many decision trees and combines their results, which reduces errors from any single tree. This makes it more robust, especially with large datasets like the NYC Airbnb data (48,895 instances). It also handles noisy data better.
Where J48 Is Weaker
J48 creates one single tree, which makes it easy to understand but also more sensitive to noisy data and outliers. This can reduce its accuracy.

[bookmark: _Toc214574080]Strengths & Weaknesses
[bookmark: _Toc214574081]Random Forest
Strengths
· Higher accuracy
· More stable and robust
· Handles large datasets well
· Less risk of overfitting
Weaknesses
· Uses more memory (heap error initially appeared)
· More complex and less interpretable

[bookmark: _Toc214574082]J48 Decision Tree
Strengths
· Simple and easy to interpret
· Fast and efficient
· Good for understanding decision rules
Weaknesses
· Lower accuracy
· More sensitive to noise
· Can overfit if pruning is not effective

[bookmark: _Toc214574083]Conclusion of Comparison
Overall, Random Forest is the better model for predicting Airbnb room type in this dataset.
It provides higher accuracy (86% vs 83%), better precision and recall, and more reliable results across all classes. However, J48 remains valuable because it is interpretable and easy to explain.
[bookmark: _Toc214574084]Results Analysis & Discussion of Findings
This section discusses the key insights gained from the classification (J48 and Random Forest) and clustering (K-Means) models, and how these findings can support better decisions for Airbnb hosts and platform managers.

[bookmark: _Toc214574085]Insights From the Classification Models
Both J48 and Random Forest were used to predict the room type of Airbnb listings.
The results show that Random Forest performs better, with an accuracy of 86%, compared to 83% for J48. This suggests that Random Forest is more reliable for understanding patterns in the Airbnb dataset. Ensemble models such as Random Forest often produce more stable and accurate results because they combine many decision trees (Breiman, 2001).
Key insights revealed:
[bookmark: _Toc214574086]1. Price is a strong predictor of room type
Both models show that price plays a major role in classifying listings.
· Private rooms generally appear at mid-range prices.
· Entire homes/apartments are associated with higher prices.
· Shared rooms tend to occur at lower prices.
This means that pricing strategies strongly reflect the type of accommodation being offered.
[bookmark: _Toc214574087]2. Host behaviour also affects classification
Variables such as number of reviews, minimum nights, and host listing count helped predict room type.
For example:
· Entire homes often have hosts with multiple properties.
· Private rooms tend to be managed by single-property hosts.
This supports previous findings that multi-listing hosts behave differently from casual hosts (Li et al., 2023).
[bookmark: _Toc214574088]3. Geographic location influences room type
Latitude and longitude patterns show that some neighbourhoods have more entire homes, while others have more private rooms. This reflects demand differences across NYC neighbourhoods.

[bookmark: _Toc214574089]Insights From the K-Means Clustering Model
The K-Means model created three customer/property clusters based on price, availability, review behaviour, and host activity. This helps identify market segments, which is useful for pricing and marketing decisions.
[bookmark: _Toc214574090]Cluster 0 – Low Price / Low Activity (56%)
· Lowest prices
· Lowest availability
· Fewer reviews
This group likely represents budget rooms or casual hosts who do not rent frequently.
[bookmark: _Toc214574091]Cluster 1 – Mid Price / High Reviews (19%)
· Medium price
· High review counts
· Moderate minimum nights
This group reflects popular, well-performing listings that attract consistent guests.
These hosts may benefit from premium features or priority visibility on the platform.
[bookmark: _Toc214574092]Cluster 2 – High Price / High Availability (24%)
· Highest prices
· Highest availability
· Higher host listing count
This group likely includes professional hosts or luxury listings, which attract a specific market segment.
Clustering like this helps businesses identify different types of customers and create targeted strategies (Tan et al., 2019).
[bookmark: _Toc214574093]Summary of Findings
· Random Forest is the best model for predicting room type.
· Important predictors include price, reviews, and location.
· K-Means clustering reveals three key market segments.
These insights can support pricing, marketing, and host management decisions.

[bookmark: _Toc214574094]Business Recommendations
Based on the findings, the following recommendations can support Airbnb hosts and platform managers.

[bookmark: _Toc214574095]1. Pricing Strategy Improvements
The models show strong relationships between price and room type.
Recommendations:
· Hosts should compare their listing price with the cluster they belong to.
· Low-performing Cluster 0 hosts may benefit from slightly increasing prices if demand is stable.
· Cluster 2 listings can introduce premium features to justify high pricing.
Dynamic pricing tools can also optimise income (Gibbs et al., 2018)
[bookmark: _Toc214574096]2. Support Low-Activity Hosts (Cluster 0)
Since this cluster has the largest number of listings:
· Provide education programmes for improving listing descriptions.
· Offer promotional boosts to low-activity hosts.
· Encourage reducing minimum-night restrictions to increase demand.

[bookmark: _Toc214574097]3. Prioritise High-Review Listings (Cluster 1)
This cluster represents successful listings.
Platform managers could:
· Highlight these listings in search results.
· Provide recognition badges such as “Top Reviewed”.
This can improve guest trust and platform conversions.

[bookmark: _Toc214574098]4. Tailored Strategy for Professional Hosts (Cluster 2)
Cluster 2 includes hosts with multiple listings and luxury properties.
Airbnb can:
· Offer business tools such as bulk-management dashboards.
· Encourage participation in the Airbnb Luxe or Airbnb Plus programme.

[bookmark: _Toc214574099]5. Enhance Location-Based Marketing
Because classification results show that neighbourhood strongly predicts room type:
· Airbnb can promote neighbourhood-based campaigns.
· Hosts can benchmark against nearby competitors.
Location-based strategies are widely used to understand tourism patterns (Gyódi, 2024).

[bookmark: _Toc214574100]6. Improve Guest Matching Algorithms
Random Forest’s higher performance suggests it could be used in Airbnb’s real system to:
· Improve listing recommendations
· Predict host performance
· Optimise search results for guests
Using predictive models can increase customer satisfaction by offering more personalised experiences (Kotu & Deshpande, 2019).

[bookmark: _Toc214574101]7. Conclusion
This report aimed to use data mining techniques to analyse the Airbnb NYC 2019 dataset and identify useful patterns for decision-making. Three models were applied: J48, Random Forest, and K-Means clustering. Each method helped uncover different types of insights about listings, hosts, and market behaviour.
The results showed that Random Forest performed the best, with an accuracy of 86%, outperforming the J48 model (83%). This confirms that Random Forest is more reliable for predicting room types because it combines many decision trees, which reduces errors and improves stability. The J48 model was still useful, as it provided an understandable decision tree that helped explain which factors influence room type, such as price, reviews, and location.
The K-Means clustering method grouped listings into three meaningful clusters (low price/low activity, mid-price/high reviews, and high-price/high availability). These clusters help identify different types of hosts and properties, making it easier to design strategies for pricing, marketing, and customer segmentation.
Overall, the analysis achieved its goals by showing how predictive models and clustering can support smarter decisions in the Airbnb marketplace. The findings can help hosts adjust their pricing, improve listing performance, and understand their position in the market. The results also support Airbnb managers, who can use these insights to improve platform recommendations, promote high-performing listings, and offer better tools for different types of hosts.
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