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Abstract–The paper comprises a dual analytic methodology based on the supervised and unsupervised machine learning algorithms to investigate the dynamics of the Airbnb listing in New York City. The research employs the random forest, support vector machine and logistic regression classifiers to predict the type of room according to price, neighbourhood group, availability and review frequency. It achieves this using the AB_NYC 2019 data set comprising over 48,000 items. Complementary K-Means clustering is applied to identify the latent market groups, and behavioural trends among host offerings. Based on the findings, Random Forest is the highest classification category (86.3%), and the most important forecasting factor is price. Clustering identified two major listing clusters which tend to be divided between Manhattan/Brooklyn and adjacent boroughs and can be associated with high-turnover, low-cost rentals and high-end long-term accommodations.
The findings indicate that minimum stay requirements, price and availability are significant aspects that influence listing visibility and demand. The research provides sensible advice to hosts, lawmakers, and platform operators on the basis of these observations and to streamline pricing strategies, interest in the review, and standardization of host processes. Besides emphasizing the ability of descriptive and predictive analytics to enter the scope of urban rental ecosystems to enhance market competitiveness, host profitability, and customer experience, the study reflects the extent to which the descriptive and predictive analytics can be incorporated into short-term rental optimization.
Keywords–Airbnb analytics, Machine learning classification, K-Means clustering, Pricing optimisation, Host performance, Short-term rental insights.
[bookmark: _heading=h.zc7hxvpj0eny][bookmark: _Toc211533253]I. INTRODUCTION
The establishment of peer-to-peer rental services, including Airbnb, has greatly changed the environment of hospitality, as it provides direct interactions between the owners of the property and the prospective clients on their short-term accommodation. Among other things, this disruption has transformed the variety of the hotel options to the least desired choice and has created incredibly vast user-created information about pricing, availability, customer interaction, and geographic choices. The ability of data mining techniques to uncover beneficial information on such sites has earned the respect of both scholars and industry players, more so. The dataset AB_NYC_2019 AB_NYC_2019 consists of the complete information on Airbnb listings in New York City. It has been frequently utilized to look at what influences host behaviour, neighbourhood dynamics, and price trends. Although exploratory analysis has been used in much research, fewer of them have combined supervised and unsupervised learning strategies to facilitate data-driven decision-making.
In order to fill this gap, the current work has used classification algorithms to organize Airbnb listings according to important characteristics such as room type, cost, availability, and neighbourhood group. To find hidden groups and behavioural patterns in the marketplace, clustering techniques have been used. The goal of analysis has been to ascertain how listings organically segment inside the larger market in addition to how they might be categorized. Using the combination of descriptive and predictive analytics. A more comprehensive knowledge of supply-side variability among listings has been made possible by the dual method mentioned.
The analysis’s conclusions should help hosts, investors, and platform operators make strategic decisions by highlighting the characteristics that have the most effects on listing categorization and cluster creation. The study aims to show how data mining approaches may be operationalized in the short-term rental space to improve listing performance across competitive metropolitan markets, increase demand forecasts, and better pricing tactics.
[bookmark: _heading=h.f98vzalwuf3f][bookmark: _Toc211533254]II. LITERATURE REVIEW
Use of descriptive and predictive analytics in short-term rental ecosystems like Airbnb has been the subject of much research due to the rise of data-driven decision-making in digital marketplace platforms. In peer-to-peer accommodation networks, where the characteristics of hosts, the geography of locations, and the pricing strategies are all different, the classic hospitality forecasting methods have failed to keep up with the dynamic nature of customer behaviour. To achieve the goal of machine learning techniques, they have been applied to categorize listings, divide markets, and identify correlation patterns that help in the optimization of supply-side performance.
A. Classification in Short-Term Rental Analytics
The classification models have been widely used to forecast property features such as pricing categories, occupancy probability, and rental performance. The research indicates that logistic regression and decision tree classifiers could be applied reliably to obtain the income potential of Airbnb listings if factors such as the activities of the host, and the characteristics of the neighbourhood are taken into consideration [1]. With the use of host engagement metrics combined with geolocation data, Random Forest essentially outperformed conventional linear classification techniques in predicting room type categories [2]. Support Vector Machines (SVM) have been among the most favoured tools for their ability to successfully work with non-linear interactions. They have been used to categorize listings as either high or low demand based on such factors as availability metrics and review frequency [3].
The use of deep learning models has also been tried in certain situations, though their interpretability has been a constant concern. One such application is the use of Neural Networks for cancelling listings classification [4]. Models that have outperformed traditional classifiers, their opacity has limited practical deployment for policy-making and host strategies. Ensemble-based models such as Random Forests and Gradient Boosting have continued to be preferred due to their balance of interpretability and predictive performance.
Classification literature often focused primarily on price prediction rather than categorical classification of listing type. A 2020 study applied regression-based models to estimate optimal pricing across neighbourhood clusters [5]. Studies explicitly categorising listings based on room type or availability brackets remain relatively limited. Mentioned gap has justified the present work’s focus on applying logistic regression, Random Forest, and SVM models to classify listings based on room-type attributes, enabling a structured evaluation of occupancy format within urban rental economies.
B. Clustering for Market Segmentation
Unsupervised learning, particularly clustering, has been extensively applied to identify latent market structures within sharing economy datasets. K-means clustering has been one of the most popular methods because of its scalability and ease of computing. This method has been shown to be useful in identifying spatial pricing hotspots across metropolitan regions by classifying listings based on price distributions and geographic coordinates [6]. Airbnb listings have been effectively divided into luxury, low-cost, and mid-tier lodging clusters using hierarchical clustering, which has also been used to uncover tiered market stratifications [7].
Density-based clustering methods, like DBSCAN, have proven very useful in detecting abnormal demand spikes and booking patterns impacted by noise. They have, however, necessitated a great deal of parameter adjustment, which has frequently decreased repeatability in scenarios involving large-scale deployment. As a result, K-means has continued to be the accepted baseline for comparative research. Cluster-based segmentation has rarely been paired with classification within the same analytical pipeline. Only a few studies have integrated both approaches to classify listings into quality tiers and subsequently cluster them to highlight regional concentration trends [8]. Introduced dual-method strategy has informed the current study’s integration of supervised and unsupervised learning to provide both predictive granularity and descriptive generalisation.
C. Association Rule Mining in Platform Behaviour Analysis
Association rule mining (ARM) has been explored for uncovering co-occurrence relations between listing attributes beyond clustering. Apriori-based ARM techniques have been employed to uncover frequent host behaviours, showing that high-rated listings often coincide with flexible cancellation policies and shorter minimum-night requirements [9]. FP-growth algorithms have further enhanced computational efficiency in such applications. Association rule mining has been less prevalent in Airbnb literature compared to clustering, likely due to its dependence on categorical encoding and rule significance thresholds. ARM has been recognised as a valuable interpretative tool despite this, particularly for recommendation systems within rental platforms.
Given the current context, clustering has been chosen for this study over association rule mining because it is more in line with the geographical dynamics present in the AB_NYC_2019 dataset. Hybrid clustering-ARM approaches might be used in future studies to mine conditional behavioural patterns according on cluster membership.
D. Evaluation Metrics and Critical Assessment
The significance of multi-metric assessment for classification problems has been emphasized repeatedly in the literature. While accuracy has been frequently reported as the key performance measure, some studies have shown that unbalanced datasets inside Airbnb settings require other measures including precision, recall, and F1-score [10]. Random Forest models have generally demonstrated higher recall for minority classes, whereas logistic regression has achieved more interpretability at the cost of lower accuracy. SVMs have delivered balanced performance but have been sensitive to kernel selection. Comparative analysis across multiple classifiers has been recommended for robust model selection, a principle followed in the current study through evaluation of logistic regression, Random Forest, and SVM classifiers.
Silhouette scores and inertia values are commonly used as internal validation measures for clustering. Greater emphasis has been placed on visual interpretability, with geographical mapping shown to provide more intuitive insights within tourism analytics [12]. This aligns with the present research approach, where K-means clustering has been visualised through latitude-longitude scatter plots to highlight spatial grouping tendencies across New York neighbourhoods.
E. Research Gap and Positioning of the Present Study
Relatively few works have combined both approaches within a singular structured framework for decision support analysis while classification and clustering have been individually applied within short-term rental research. Many studies have focused on host revenue prediction or price regression rather than categorical classification of listing structure. Pre-processing steps such as outlier capping and missing value imputation have not always been transparently reported in prior literature, making reproducibility challenging.
The present study has sought to contribute to existing knowledge by implementing a transparent and replicable pipeline that integrates:
· Structured pre-processing of the AB_NYC_2019 dataset
· Comparative classification of listing room types using multiple machine learning models
· Latent spatial and availability-based patterns can be found using K-means clustering.
· Conformity of the evaluation to industry-standard performance metrics
The study provides a conceptual and methodological foundation for the integrated application of clustering and classification techniques within the Airbnb analytics domain. By placing its methodology inside well-established descriptive and predictive frameworks, the current paper has positioned itself as a balanced contribution to both academic knowledge and practical application.
[bookmark: _heading=h.9odniyb3klei][bookmark: _Toc211533255]III. METHODOLOGY
[bookmark: _heading=h.bwtctj9w898n][bookmark: _Toc211533256]A. Dataset Description
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Fig. 1.  Data Description
AB_NYC_2019 dataset, which has been used in this study, is collected from Kaggle and has more than 48,000 Airbnb listings in New York City. Among the features present in the dataset, there are id, name, host id, neighbourhood group, neighbourhood, latitude, longitude, room type and price, minimum nights, number of reviews, last review, reviews per month, calculated host listing count and availability 365.
It is essential to pre-process to provide quality data. The data is tested on the presence of duplicates and missing data. The entries are eliminated to ensure that each listing is unique. The missing values are found by the.isnull().sum() function, and the number of reviews per month indicated that there are around 10,000 missing elements, which are substituted with a zero to show no reviewed entries [13]. Boxplots are used to overcome outliers of price and minimum nights. The model is stabilised by capping or eliminating outliers.
The variable that is used to be classified is the room type that has the following categories: Entire home/apt, Private room, Shared room, Hotel room. The prediction features are neighbourhood group, price, minimum nights, number of reviews, reviews per month and availability 365.
The dataset has been converted to a high-quality input that could be used in building and evaluation of models through extensive pre-processing and feature selection.
[bookmark: _heading=h.lruw8uyoo2ay][bookmark: _Toc211533257]B. Modelling techniques
Three supervised classification models are used in this study to include the Logistic Regression, Random Forest Classifier, and Support Vector Machine (SVM) to classify Airbnb listings using the features of choice in the AB_NYC_2019 dataset. Such models are selected as being a trade-off between the interpretability, predictive strength and the computational robustness. KMeans clustering algorithm is also used as an unsupervised method of learning to identify latent groupings and group behaviour among the listings. The combination of these methods allows both predictive and exploratory information to improve the insight into the underlying market structures and trends.
1) Logistic Regression
The basis of this classification task is the Logistic Regression because it is easier and clearer and it is capable of handling categorical results. The algorithm approximates the likelihood of a particular input falling into a particular category based on the logistic (sigmoid) function that the predictions fall within the range 0 to 1. The log-odds of the dependent variable are estimated as a linear regression of the independent predictors and interpretable results are obtained on the different effects that every feature has on the probability of an observation falling into a certain category.
Inference of this model is done through the Logistic Regression module of scikit-learn library. Since the classification target variable has more than two categories, a one-vs-rest (OvR) strategy is used, and each of the classes is trained with a separate binary classifier versus all the other classes [11]. Maximum likelihood estimation is used to estimate the model coefficients, and regularisation is used to avoid overfitting and deal with multicollinearity between predictors. Logistic Regression is efficient in terms of computation, it can be scaled to large amount of data and can be used as a good baseline to evaluate the performance of other sophisticated models.
2) Random Forest Classifier
Random Forest Classifier is a powerful ensemble learning algorithm which builds far too many decision trees in the course of training and returns the mode of individual tree predictions. Random Forest reduces the high level of variance that is usually registered by single decision trees, and improves generalisation to previously unseen data by means of aggregation of many learners. This algorithm is very good in high non-linear relationship and intricate interaction among features that can be ignored by the linear models.
As a data mining model in this analysis, the Random Forest is used with the scikit-learn library randomforestclassifier module, where major hyperparameters of n_estimators=100 and random_state=42 are used to stabilize and reproduce the model. Every tree is trained using a bootstrap sample of the dataset, and at every node, a random sample of features is discussed in splitting. This makes trees diverse, thus enhancing the strength of the model and minimizing overfitting. The internal feature significance of the algorithm also allows the interpretation because it allows determining the variables that contribute the most to Airbnb listing type.
3) Support Vector Machine (SVM)
The Support Vector Machine (SVM) algorithm is applied in order to deal with non-linear and high dimensional classification boundaries. SVM with a Radial Basis Function (RBF) kernel maps the input data into a higher dimensional feature space and then determines the optimal separating hyperplane which maximises the margin between classes [14]. RBF kernel is very useful in cases where the relationship between features and labels is complicated and cannot be separated linearly.
In the analysis, scikit-learn library SVC class is used. Parameters including the kernel=rbf and the random state=42 are set to ensure consistency between experimental runs. The advantage of SVM is that it provides high accuracy even in the situation when the decision boundary is non-linear, but it is more computationally expensive than the Logistic Regression and random forest.
4) KMeans Clustering
In order to supplement the supervised models, an unsupervised KMeans clustering learning tool is used to find latent structures in the data set. The algorithm splits listings into k clusters by reducing the sum of squared distances between data points and their cluster centres [15]. The best number of clusters is calculated by the elbow method where k=2 is taken as the point where the number of clusters gives less and less return in explained variance.
This clustering method is estimated based on the scikit-learn version of the KMeans algorithm and the target numerical features are price, minimum nights, number of reviews, and availability in 365 days. The data points are allocated to the closest centroid and it creates groupings that indicate market segments and property traits not directly represented by the classification.
Together, these four methods, such as the Logistic Regression, Random Forest, SVM, and KMeans give a complete structure of both predictive and exploratory data mining [16]. Their joint usage deepens the knowledge of the Airbnb market dynamics and provides the valuable insights into the pricing behaviour, availability dynamics, as well as the correlations between the location, property type, and the host activity.
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Fig. 2. Dataset loading
AB_NYC_2019.csv dataset has been loaded into a pandas DataFrame called df, making the file’s tabular data ready for analysis.
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Fig. 3. Dataset preview
The dataset preview displays Airbnb listings with location, price, ratings, availability, and host information to exhibit a variety of room types in Manhattan and Brooklyn with different host activity and demand.
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Fig. 4. Dataset description
Nearly 49,000 Airbnb listings are included in the dataset; just a few reviews are missing. Minimum stays range from 1 to 1250 nights, prices vary greatly, and availability varies greatly.
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Fig. 5. Keeping relevant features
In order to concentrate on significant predictive aspects, the dataset is condensed to just the most important characteristics, such as location, pricing, availability, demand indicators, and room type. Superfluous columns are eliminated.
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Fig. 6. Duplicates checking and removal
Clean and distinct records are shown by the absence of duplicate entries. Without needing to be removed, the dataset keeps all 48,895 observations across 10 chosen features.
[image: ]
Fig. 7. Missing values checking
Only the reviews_per_month column contains missing values, accounting for 10,052 entries, while all other selected features remain fully complete and require no imputation.
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Fig. 8. Handling missing values
Missing values in reviews_per_month have been successfully replaced using the mean, resulting in a fully complete dataset with zero null entries across all selected features.
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Fig. 9. Checking outliers
Significant outliers exist across key variables likewise 2,972 in price, 6,607 in minimum nights, 6,021 in reviews count, 4,103 in review frequency, while availability remains stable with zero outliers.
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Fig. 10. Outliers handling
IQR method caps extreme outliers by setting boundaries at 1.5 times the interquartile range beyond Q1 and Q3, replacing values outside these limits with the boundary values themselves.
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Fig. 11. Room type distribution
Entire homes/apartments dominate the listings (approximately 25,000), followed by private rooms (around 22,000). Shared rooms are minimal (roughly 1,000), indicating guests strongly prefer privacy and complete accommodations.
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Fig. 12. Neighbourhood group distribution 
Manhattan leads with approximately 22,000 listings, closely followed by Brooklyn at 20,000. Queens has around 6,000 listings, while Staten Island and Bronx have minimal presence, showing concentration in prime boroughs.
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Fig. 13. Average price by Neighbourhood group
Manhattan commands the highest average price at approximately $165, followed by Brooklyn at $115. Queens, Staten Island, and Bronx are more affordable, averaging $95, $95, and $83 respectively.
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Fig. 14. Correlation heatmap
Strong positive correlation exists between number_of_reviews and reviews_per_month (0.56). Longitude negatively correlates with price (-0.31). Minimum_nights inversely relates to reviews (-0.21, -0.24), suggesting shorter stays generate more feedback.
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Fig. 15. Encoding categoricals and splitting
Categorical features have been encoded numerically, room_type separated as target, 48,895 records split 80/20 for training and testing, followed by standardisation to normalise feature distributions.
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Fig. 16. Logistic Regression Confusion Matrix
Logistic Regression achieves 81% accuracy where class 0 shows 86% precision with 4,116 correct predictions but 966 misclassifications. Class 1 performs well with 3,802 accurate predictions and 85% recall. Class 2 fails completely (0% metrics) with only 232 samples, indicating severe class imbalance issues.
	[image: ]

	[image: ]


Fig. 17. Random Forest Confusion Matrix
Random Forest achieves superior 86% accuracy where class 0 improves to 4,535 correct predictions (89% recall). Class 1 maintains strong performance with 3,819 accurate predictions (86% recall). Class 2 shows significant improvement with 88% precision and 86 correct predictions, though 37% recall indicates continued struggle with minority class detection.
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Fig. 18. SVM Confusion Matrix
SVM performs in between Random Forest and Logistic Regression, with 85% accuracy. Class 0 has 89% recall with 4,507 accurate predictions. Class 1 has an 84% recall rate and makes 3,766 accurate predictions. Class 2 misclassifies all 232 samples and fails totally on all measures, demonstrating how difficult SVM is when dealing with unbalanced data.
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Fig. 19. Comparing models performance
SVM (84.6%) and Logistic Regression (81.0%) are outperformed by Random Forest, which performs the best with an accuracy of 86.3%. Ensemble approaches are preferable, as seen by the 5.3 percentage point improvement from Logistic Regression to Random Forest. Random Forest is the best option for this dataset because of its capacity to manage non-linear correlations and class imbalance.
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Fig. 20. Feature Importance plot of Random Forest
At 0.469 (46.9%), price is the most important factor, 3.7× more significant than the next feature. The relevance of location is indicated by the combined 24.1% contribution from longitude (0.126) and latitude (0.115). Minimum_nights (0.058), reviews_per_month (0.060), and availability_365 (0.065) all exhibit a modest influence. At 0.014, Neighbourhood_group has the lowest ranking and the least predictive power.
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Fig. 21. Clustering
According to the elbow curve, inertia decreases from 375,000 at k=2 to 210,000 at k=7, with the biggest decline occurring at k=2-4. With K=2 appearing to be ideal, two separate geographic groups are shown. Manhattan/Brooklyn (blue, latitude 40.65-40.90) and the surrounding boroughs (green) are clearly separated in this spatial depiction, which reflects the division of the NYC Airbnb market.
[bookmark: _heading=h.x4uwcu9s6ekr][bookmark: _Toc211533259]V. DISCUSSION OF FINDINGS
Logistic Regression, Random Forest, Support Vector machine (SVM) and KMeans clustering analysis of Airbnb listings in New York City produces quality results on the relationship between listings and their categories and market tendencies. All the models have their advantages as regards to the level of analysis, which collectively provide a well-rounded insight on the interrelationship between host behaviour, property characteristics, and customer engagement.
A. Logistic Regression
The selected model as the baseline classifier is the Logistic Regression model, as it shows the relationships between the independent variables and the target variable, that is, room type, with clarity and interpretation. It finds considerable relationships among price, availability 365, minimum nights and the number of reviews. The listings that have higher prices and longer minimum-stay are more inclined to be segmented into the Entire home/apt category, and the ones with lower prices and shorter stay are more likely to be classified as the Private room or Shared room. This is also representative of a real-world consumer behaviour that values affordability and flexibility (leads to short-term bookings) whereas increased costs and prolonged stays are associated with entire property rentals. The power of Logistic Regression consists in the fact that it is transparent and it is possible to see the impact of each variable in classification directly. It has limitations in its ability to capture complicated non-linear interactions due to its linear assumption, which leads to moderate accuracy as compared to more advanced algorithms.
B. Random Forest
The highest predictive performance of all the measured metrics, which include accuracy, precision, recall and F1-score, proves that the Random Forest Classifier can provide a suitable performance in heterogeneous and noisy data. Generalisation is improved by the ensemble method of using several decision trees, and overfitting is minimised which is one of the weaknesses that have been found in individual decision trees. The analysis of feature importance indicates that price, neighbourhood group and availability 365 are the most impactful predictors. An example would be in Manhattan and Brooklyn, where listing behaviour can differ; Manhattan can have more listings of higher price category of Entire home/apt and Brooklyn can have a more balanced mix with the variety of property types and consumer demographics. The fact that the random forest model can deal with the interactive effects of variables and non-linearity makes it very better as well. However, it is not as interpretable as Logistic Regression because the decision process that occurs among many trees is aggregated and thus hard to trace down to each individual classification logic.
C. Support Vector Machine (SVM)
Support Vector Machine (SVM) model is strong in dealing with non-linear boundaries between classes where there are complex boundaries in the best way possible by projecting the data in higher-dimensional spaces where separation can be observed. The model is especially effective in the separation of listings whose prices are in the middle of the scale and display different availability patterns, which are frequently incorrectly grouped by the less complex linear models. SVM is however computationally expensive and also sensitive to the choice of hyperparameters like the regularisation parameter and kernel coefficient [17]. The model is not very interpretable though it has a strong classification capacity and is more applicable in predictive rather than direct support of business.
D. K-Means clustering
K-Means clustering offers an unsupervised view of the classification in addition to supervised learning, which supports the results of the classification. The algorithm identifies two clusters drawn in the dataset by concentrating on numerical characteristics, i.e., price, minimum_nights, number of reviews, and availability 365. The first group is cheaper listings, less time to be spent and a greater number of reviews, and they reflect low-income travellers and high-turnover hosts [18]. The second group includes more expensive entries that have lower reviews and increased minimum stay that is attainable through premium accommodations that focus on longer or luxurious stays. 
All these results indicate that price and availability are key determinants of the classification and clustering of results. Whereas the predictive power of the Random Forest and the SVM is the highest, Logistic Regression is interpretable, and it thus allows the stakeholders to determine and measure the most relevant determinants of the types of listing.
[bookmark: _heading=h.wsm4tv2jznho][bookmark: _Toc211533260]VI. RECOMMENDATIONS
In order to enhance Airbnb listing performance and ensure equitable growth across neighbourhoods in New York City, the following recommendations are proposed:
· Encourage Competitive but Reasonable Pricing Strategies: Hosts should frequently compare their rates to those of comparable listings in the same neighbourhood group and room type [19]. To remain competitive and never compromise occupancy, the dynamic pricing technologies can regulate the rates according to the demand fluctuations, seasonality, and the review history.
· Encourage the use of Shorter Minimum Nights: To increase the rate of bookings, the hosts might consider reducing minimum night requirements, particularly in popular destinations such as Manhattan and Brooklyn because longer minimum stays are extremely high contributors of outliers and might scare off potential clients [24].
· Optimize the Review Volume and Regency: Listings are those that have more reviews and are regularly and frequently commented upon [23]. The hosts can also get the guests to leave a review by calling them after they have left the place or they can give them minor gifts like vouchers to redeem discounts on their next bookings.
· Place Emphasis on Growing Monthly Engagement: The number of reviews per month is one of the most accurate measures of how the listing is performed [20]. Hosts can attempt to keep the stream of bookings constant by providing low-season rates or value-added services like free facilities, relaxed cancellation or supporting reservation modifications.
· Make It Available Everyday: Although the peculiarities of availability_365 do not present any outliers, it is still beneficial that the booking schedules are open on a daily basis [21]. Hosts are advised not to have long block-out periods when they are not absolutely necessary as the more a place is offered on the Airbnb platform the more exposure and ranking can be seen in search results.
· Offerings by Room Type: Predictive modelling assumes room type as the key type, hence hosts must provide the amenities in their rooms in line with the trends in consumer demand. Individual rooms can emphasize both pricing and social experience, whereas whole house/apartment advertising can emphasize seclusion and family-friendly facilities.
· Geo-Based Optimisation of High-Demand Neighbourhoods: The mapping of latitudes and longitudes indicates that the neighbourhoods of Manhattan and Brooklyn are interconnected to a large degree. Current hosts in the less populated regions such as Staten Island can distinguish themselves with unique experiences or customized services whereas the new hosts can invest in these clusters of neighbourhoods since they can easily get good returns within a very short time [22].
· Normalise Host Behaviour with Policy Intervention: Airbnb and local governments should collaborate to introduce limitations to the number of prohibitive minimum stay and any outlier prices to improve the market dynamics, and eradicate the negative effects of home displacement.
· Encourage Sustainability and Accessibility: Wheelchair-friendly: In a busy market, a wheelchair-friendly can be able to enhance likeliness and competitiveness of the seller [25]. Green Certifications or an automated self-check-in.
· Use Host Training with Predictive Analytics: Airbnb can use data on price changes, ratings, and availability to train models that can automatically decide on the most favourable listing settings that new hosts can have.
[bookmark: _heading=h.bjbcrnuoc0y0][bookmark: _Toc211533261]VII. CONCLUSION
A detailed analysis of the AB_NYC_2019 data identifies the key predictors of Airbnb listing success in the five neighbourhood segments of New York City. The dataset is perfectly ready for analytical modelling as a result of the meticulous data cleaning, feature selection, and preparation done, as there are no missing values and feature relevance has been greatly improved. Pricing, minimum night stay and review frequency are among the factors that differed greatly between the listings, the exploratory insights revealed. Thousands of outliers are identified in different numerical variables indicating the wide range of host strategies. 
The existing market dynamics are again confirmed by the uncovering of Manhattan and Brooklyn as the leading hosting areas, while Williamsburg and other boroughs still had a low presence with regards to Airbnb hosting. Volume of reviews, listing availability and host involvement are found to be tightly interlinked, thereby underlining the importance of constant interaction as the main factor in visibility and booking success. The basis for the predictive modelling has been laid down through the use of feature scaling and label encoding, and it is further demonstrated that room type classification with structured features is achievable. 
The results came up with recommendations that focused on neighbourhood-specific marketing, reducing the minimum stay requirements, improving the review collection process, and optimizing the pricing. Besides, data-based measures are suggested for platform regulators and lawmakers to support fair and eco-friendly operations in the hosting industry.
The analysis points out the significance of combining behavioural insights with quantitative data in giving advice to both new and experienced Airbnb hosts. Future research may draw upon time-based occupancy patterns or sentiment analysis of guest reviews for the purpose of increasing prediction accuracy. The application of machine learning and geospatial information could lead to the transformation of short-term rental ecosystems into more competitive, inclusive, and efficient ones.
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Loading Dataset

df = pd.read_csv(’AB_NYC_2619.csv")
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df. info()
of.describe()
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Data Cleaning / Feature Selection

Keeping relevant features

il cols = ['neighbourhood_group', latitude', ‘longitude, "price’,
“minimum_nights*, nusber_of_reviews', reviens_per_month',
*calculated_host_listings_count, availability 265, roon type']

4 = dfcols]
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Checking for Duplicates and Removing

# Checking duplicates
print("Nusber of duplicate row:

dF.duplicated().sum())

# Removing duplicates
df = of .drop_duplicates()
print(“shape after removing duplicates:", df.shape)

nusber of duplicate rous: o
Shape after removing duplicates: (5355, 10)
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Checking Missing Values

# Colum-uise missing values
missing per_colum = of.isnull().sum()
print(“Wissing values per colum:\n’, missing per_column)

# Total missing values in the dataset
missing_per_colum.sun()
“\notal missing values in dataset:

, total_missing)

# columms with missing values
missing_cols = missing_per_colum[nissing_per_colum > o]
print(“\ncolums with missing values:\n", missing_cols)

Missing values per colum
neighbourhood_group. e
Ititude

Tongitude

price

mininum_nights

nusber_of_reviews

revies_per_nonth 1005:
calculated_post_listings_count
availabilify 35

roon_type

dtype: intes

Total missing values in dataset: 16052

Colums with missing values:
revieds per_month 10052
dtype: intes
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o

Handling missing values

© # Filling missing values in ‘revieus per_sonth’ with mean
GFT"reviens_per_nonth'] = GF["reviews_per_nonth . Fillna(df["reviews_per_nonth'].mean())

# Verifying 1 missing values are handled
missing per_colum = of.isull().su()
print(“Hissing values per colum after imputatio

+ missing per_column)

total_missing = missing per_colum.sun()
print("\nfotal missing values in dataset after imputation:”, total_missing)

Hissing values per colum after imputation:
neighbourhood_group. °
Ititude

Tongitude

price

mininum_nights
nusber_of_reviews
revies_per_nonth
calculated_post_listings_count
availabilify 35

roon_type

dtype: intes

Total missing values in dataset after imputation: ©
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Checking and Handling Outliers

o # Numeric colums to check

num_cols = ['price’, 'mininum nights’, ‘nunber_of_revieus’, ‘reviews_per_month’, ‘availability 365']

# Counting outliers using 1% method
for col in num_cols:

Q1 = df[col].quantile(e.2s)

@ = df[col].quantile(e.7s)

R=@-a

Tower_bound = @1 - 1.5 * IR

upper_bound = @3 + 1.5 * IR

outlizrs = GF[(df[col] « Lower_bound) | (dF[col] > upper_bound)]

print(F"Colum *{col}" has {outliers.shape[e]} outliers”)

Colum ‘price’ has 2572 outliers
Colum ‘minim_nights' has 6667 outliers
Colum “rumber_of_reviews’ has 6221 outliers
Colum *reviews_per_sonth’ has 2163 outliers
Colum ‘availability 365' has @ outliers
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10)

2% [ @ # pefining nuseric columns to cap outliers

num_cols = [*price’, ‘minimm_nights', 'number_of_revieus', 'reviews_per_month', ‘availability 36s']

# Using IQR method to cap extreme values
#or col in num_cols:

Q. - df[col].quantile(s.25)

@ = dflcol.quantile(s.75)

=@ -

Tower_bound = @1 - 1.5 * IR

upper_bound = @3 + 1.5 * IR

Flcol] = dF{col].cLip(Louer=lower_bound, upper=upper_bound)

# Visualizing again to confirm capping

plt.figure(figsize=(15,5))

for 1, col in enunerate(nun_cols
pIt.subplot(2,2,1+1)
515.boxplot (x=of(col], color="skyblue’)
plt.title(col)

Pt tight_layout()

plt.shou()
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Correlation Heatmap (Numeric Columns Only)
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Training Classification Models
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Comparing Performance
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Random Forest - Feature Importance Plot
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