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[bookmark: _Toc214468308]1. Introduction
[bookmark: _Toc214468309]1.1. Background and Context
The sharing economy has radically transformed the hospitality sector in the world. New platforms like Airbnb have become an important stakeholder in the market that has established a dynamic and highly competitive market regarding short-term rentals of property. The power of using data to create strategic advantage is supreme in this landscape. In the case of individual hosts, as well as the platform itself, it is important to comprehend the basic motivators of market behaviour, including pricing, availability, and listing features in order to optimise the revenue and improve user experience.
The NY market is one of the biggest and most varied markets of Airbnb, which means that the analysis can be done with a rich source of data. AB_NYC_2019 represents a full-fledged picture of this market, which includes in-depth data about almost 49,000 listings. The first stage of this project was the detailed exploratory data analysis (EDA), including the cleaning of data, its pre-processing, and visualisation to identify early trends and relationships. 
[bookmark: _Toc214468310]1.2. Problem Statement
The original EDA was very helpful in the descriptive sense; it lacked a predictive model of classification as well as a quantitative approach to segmentation of the market. Some of the most important business questions were not answered: What are the strongest factors that define the type of a listing (e.g., 'Entire home/apt', 'Private room')? Are these types predictable based on other available features accurately? Moreover, are there any operationally-defined groups of listings in the market, other than mere geographical or price-based groupings?
The second step in the project will answer such questions directly using the method of supervised and unsupervised machine learning (Masrom et al., 2022). The main issue is two-fold: first, to construct and test the powerful classification models that can forecast a listing room_type; second, to use the clustering algorithms to detect and describe the significant market segments depending on the nature of operations of listings.

[bookmark: _Toc214468311]1.3. Aims and Objectives
Aim
To use classification tools to classify Airbnb listings by a set of properties that have been chosen and selected, and to complement this analysis with either the clustering or association rule mining, with a view to revealing patterns and creating insights that allow making effective decisions.
Objectives
· To develop and test two or more classification models to categorise listings by taking into consideration pertinent attributes.
· To utilize either the clustering or association rule mining in the identification of additional patterns, groupings or relationships within the dataset.
· Could you describe all the critical evaluations of the performance and applicability of the methods applied based on the nature of the data and the objective of the analysis.
· To decipher and convey the outcomes of the analysis in a transparent manner, to offer information that will be useful and applicable in a practical scenario.
[bookmark: _Toc214468312]1.4. Report Structure
This report has been designed in such a way that it has a logical flow of the analysis. Section 2 is the Literature Review, which talks about the theoretical basis of the machine learning methods deployed. Section 3 defines the Methodology, showing the data preparation process, the choice of models, and the implementation process. Section 4 contains the main Results and Analysis, which provides an in-depth explanation of the results of the classification and clustering. Section 5 discusses the findings, their business implications, and the strategic recommendations, and also acknowledges the limitations of the study as well as recommendations on future work. Section 6 is the ultimate conclusion of the project.
[bookmark: _Toc214468313]2. Literature Review
[bookmark: _Toc214468314]2.1. The Role of Predictive Analytics in the Hospitality Sector
The use of data mining and predictive analytics has become a disruptive element in the hospitality industry of today. Its application in demand forecasting, dynamic pricing, and customer relationship management are the most studied fields by researchers (Alharbi, 2023). In this section, literature that proves the importance of using massive datasets, including the ones offered by such platforms as Airbnb, to recreate market dynamics and forecast consumer behaviour will be reviewed. Some of the themes that can be discussed are the transition between the descriptive approach of reporting to the predictive approach, which requires moving forward and the competitive benefits of data-driven organisations.
[bookmark: _Toc214468315]2.2. Supervised Learning: Classification Modelling Techniques
The tasks of supervised machine learning are classification, which is the prediction of a categorical class label. The two algorithms that are widely-used and analysed with different theoretical background and applications are Logistic Regression and Random Forest (Rezazadeh Kalehbasti, Nikolenko and Rezaei, 2021).
Logistic Regression is a basic statistical analysis model that is based on binary and multiclass classifications. In this sub-section, the literature will also be reviewed on explaining its mathematical basis especially how it makes use of the sigmoid or softmax function to generate the probabilistic outputs. Its strengths, like interpretability and computational efficiency, should be discussed as it is an excellent baseline model (Lektorov, Abdelfattah and Joshi, 2023). 
Random Forest algorithm is one of the strong methods of ensemble learning that relies on the aggregation of several decision trees. The review will include the concepts of bagging (bootstrap aggregating) and feature randomness through which Random Forest reduces variance and overfitting, which is a typical problem of single decision trees (Mahyoub et al., 2023). The academic sources which talk about its high predictive accuracy, its strong resistance to outliers and how it can provide feature importance measurements will be reviewed. 
[bookmark: _Toc214468316]2.3. Unsupervised Learning for Market Segmentation
Unsupervised learning unlike supervised learning attempts to discover hidden patterns of unlabelled data. The first tool in this purpose is clustering, and it is significantly utilized in marketing in customer and market segmentation (Liu, 2021).
K-Means is A well-known and effective partitional clustering algorithm. In this sub-section, the literature will be examined that describes its iterative process of attributing data points to a specified number of clusters (k) by minimising the sum of squares within clusters (Ghosh, Jana and Abedin, 2023). The significance of feature scaling in distance-based algorithms such as K-Means will be pointed out. 
[bookmark: _Toc214468317]2.4. Frameworks for Model Evaluation
The quality of any machine learning model depends on the process of its strict assessment. To classify the data, this review will speak about typical measures of performance such as accuracy, precision, recall, and the F1-score. The significance of a confusion matrix in getting an idea of what forms of errors a model is making will also be highlighted, especially when one is working with imbalanced data, where the accuracy itself should not be a misleading measure (Yang, 2021).
[bookmark: _Toc214468318]2.5. Synthesis and Knowledge Gap
The reviewed literature will be synthesised in this final sub-section and the methodologies taken into consideration in this project, namely, Logistic Regression, Random Forest, and K-Means clustering, will be proven as suitable and established in terms of analytical goals of the project (Milunovich and Nasrabadi, 2025). It will also determine the particular contribution of this report which is the application of this combination of techniques to the AB_NYC_2019 data to simultaneously produce predictive classifications and operational market segments hence offer an overall analytical perspective of the Airbnb marketplace.
[bookmark: _Toc214468319]3. Methodology
[bookmark: _Toc214468320]3.1. Dataset Overview
The dataset used in the analysis was the ab_nyc_2019_clean.csv dataset, an advanced version of the source AB_NYC dataset used at an early stage of the exploratory analysis in this project. The missing values, duplicate and outlier removal, standardisation of data types, and the creation of a price_category feature were all dealt with in this pre-processing phase (Gao, 2025). The data set was cleaned and contained 48,895 records and 11 relatable features, which is a good basis of the modelling.
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Figure 1: Dataset Overview
(Source: Google-Colab)
[bookmark: _Toc214468321]3.2. Data Preparation and Pre-processing
Prior to model training, there was one final step or data preparation. The classification task target variable (y) was room-type. The feature set (X) was built by picking seven influential variables that were identified in the course of the EDA: neighbourhood_group, minimum_nights, number_of_reviews, reviews_per_month, calculated_host_listings_count, availability_365, and the engineered feature, price_category (Özçini, Yılmaz and Kaya, 2023).
Numerical Features: 
Standardisation was done on the five numerical features (minimum_nights, number_of_reviews, reviews_per_month, calculated_host_listings_count, availability_365). These features were scaled using StandardScaler to give them a mean of zero and a standard deviation of one (Jain et al., 2025).
Categorical Features: 
The two nominal attributes (neighbourhood_group, price_category) were set ready to be numerically coded. The reason for picking OneHotEncoder was that it would transform each category into a new binary column, thus preventing the artificial establishment of an ordinal relationship between categories (Chung and Sarnikar, 2022).
 [image: ]
Figure 2: Preprocessing with a Column Transformer and Pipeline
(Source: Google-Colab)
[bookmark: _Toc214468322]3.3. Predictive Modelling: Classification
The main supervised learning activity was to make forecasts on room type of a listing which is a multiclass classification problem having three classes: Entire home/apt, Private room and Shared room.
As per the project goals, two different classification algorithms were chosen to be applied and compared:
1. Logistic Regression: Selected as a strong and very interpretative base model. Its simplicity and numerically effectiveness make it a perfect point of starting to evaluate the predictive performance.
[image: ]
Figure 3: Logistic Regression Training
(Source: Google-Colab)
2. Random Forest Classifier: Chosen as a trickier and more high-performance ensemble model. Its non-linear relationship feature and its internalized feature of determining the importance of features were considered quite helpful in providing more analytical information.
 [image: ]
Figure 3: Random Forest Training
(Source: Google-Colab)
Using train_test_split, the dataset was split into a training set (80%) and a testing set (20%). More importantly, the stratification in terms of the target variable y was used. This makes sure that the ratio of each room type classes in the training and testing sets are the same as in the original dataset, which is also a very important measure to take, since the classes count is important (Lorenzo-Romero, Alcala-Garcia and Gomez-Borja, 2024).
A Pipeline object was built up on each model. This included the ColumnTransformer (to prepare data before classification) and the classifier itself into one, lean workflow. The pipelines were then specifically trained on the training data (X train, y train).
[bookmark: _Toc214468323]3.4. Unsupervised Analysis: Clustering
To complement the classification analysis, unsupervised clustering technique was used to identify the natural market segments based on the trends of operations of listings, three numeric variables were selected: the availability 365, the number_reviews, and minimum_nights. The reason why these features have been selected is the fact that they are the immediate reflection of the operational strategy of a host and the market behaviour of a listing either in terms of price or location (Rahayu and Zazila, 2022).
K-Means clustering algorithm was used to divide the data. Since K-Means is a distance-based algorithm, the features chosen were initially scaled by use of StandardScaler so that each feature presented equal contribution to the distance calculations (Medpalliwar et al., 2025). According to the original exploratory analysis and the need to design recognizable, interpretable clusters, the number of clusters (k) was fixed to three. 
[image: ]
Figure 5: Unsupervised Analysis with K-Means
(Source: Google-Colab)
The outputs of the models were evaluated using a multi-faceted strategy.
Classification Models: The trained Logistic Regression and Random Forest models were tested on the hidden data of the test performance. The evaluation included:
· Precision: To assess predictive accuracy in general.
· Classification Report: To give per-class precision, recall and F1-scores, which gives a finer insight into performance, particularly of the minority class.
· Confusion Matrix: To display the errors that each of the classifiers were committing in particular, displaying which of the classes were being confused with which.
· Feature Importance: The feature importances were obtained and analysed in case of the Random Forest model to determine the most important factors influencing the predictions.
Clustering Model: The output of the K-Means was used qualitatively through the profiling of the clusters. This entailed the computation of the average values of the clustering features of each cluster and analysis of the room type and neighbourhood group distribution in each segment. 
[bookmark: _Toc214468325]4. Results and Analysis
[bookmark: _Toc214468326]4.1. Classification Model Performance
The main consideration of the classification exercise was to make a prediction on the room_type of an Airbnb listing. The results of the two trained models, Logistic Regression and Random Forest, were tested on the held-out test set (Costa, 2025).
The Logistic Regression model, which was used as the baseline, had a total accuracy of 79.98%. Although such a figure indicates a decent degree of predictive power, a closer look at the classification report shows that there are noteworthy restrictions in terms of performance.
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Figure 6: Logistic Regression Evaluation
(Source: Google-Colab)
The model was effective in separating the two majority classes, which are Entire home/apt and Private room with F1-scores of 0.83 and 0.78 respectively. Nonetheless, it had a very poor performance on the minority group, 'Shared room'. The precision, recall, and F1-score of this class in this model were 0.00. This finding is supported by the confusion matrix which indicates that the model was unable to correctly make a single 'Shared room' listing even in the test set. Rather, it categorized all the Shared room cases as either Entire home/apt or, more often, Private room. 
 [image: ]
Figure 7: Logistic Regression Confusion Matrix
(Source: Google-Colab)
The overall accuracy of the Random Forest classifier was a bit higher, at 80.63%. More importantly, it proved to be significantly better in managing the issue of the class imbalance.
[image: ]
Figure 8: Random Forest Evaluation
(Source: Google-Colab)
The Random Forest model classification report indicates that the F1-score is similar across most of the classes, with only two classes (Entire home/apt at 0.83 and Private room at 0.79) having different values. Most importantly, the Random Forest was capable of detecting a few instances of the Shared room as opposed to the baseline model. It had a precision of 0.65 on 'Shared room' implying that when it stated that a listing was a Shared room, then it has been correct 65% of the time. Nevertheless, its recall of this type was again low at 0.21 meaning that it was only able to identify 21% of all real listing of common rooms. This is visualised in the confusion matrix, which shows that a model identified 48 instances of Shared room in the right model although it still mistakenly identified 184 of them as other forms.
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Figure 9: Random Forest Confusion Matrix
(Source: Google-Colab)
It is easy to note that the Random Forest classifier is a better model when it comes to this comparison. The qualitative improvement in dealing with the minority class is more than the marginal increase in the overall accuracy (79.98% to 80.63%). The combination of the results of so many decision trees together in the Random Forest enabled it to detect more complex and non-linear trends in the data that were required to differentiate between listing in the Shared room category. The inability of the Logistic Regression model to predict this class at all makes it an inappropriate model in a business environment where it is significant to identify all the market segments (Dhillon et al., 2021).
[bookmark: _Toc214468327]4.2. Feature Importance Analysis
One of the major strengths of the Random Forest model is that it gets to compute the relative importance of each feature in its predictions. The analysis is priceless in terms of the driving forces behind room_type classification.
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Figure 10: Feature Importance Analysis
(Source: Google-Colab)
The feature importance analysis findings were conclusive. The strongest influences were too many associated with the engineered price_category variable.
1. price_category_low (Importance: 0.256): This was the most important feature. Its great significance implies that a listing that falls into the low-price bracket is a highly significant signifier of its kind which eliminates the Entire home/apt, in most of the situations.
2. reviews_per_month (Importance: 0.160): The frequency of reviews, which is represented by this feature, was the second most significant. An increased frequency of review can be linked to the listing types with high turnover like the case of private rooms.
3. availability_365 (Importance: 0.150): Annual availability of a listing also was a highly predictive aspect. Professionally managed year-round listing may tend to be more likely to be Entire home/apt.
4. price_category_high (Importance: 0.073): A high price category also was a serious but not so crucial predictor.
It is also interesting to note that features that were neighbourhood in nature (e.g., 'Manhattan', 'Brooklyn') scored very low (all less than 0.014) on the importance scores. This indicates that operation metrics and price category considered, the borough in which a listing is located does not contribute much additional information to the prediction of its room type. 
[bookmark: _Toc214468328]4.3. Clustering Analysis: Market Segmentation
The K-Means clustering algorithm was applied toward dividing the listing into the three parts depending on the nature of their operation: availability 365, number of reviews and minimum nights. The profile analysis of the clusters allows drawing up clear market segment personas.
This is the biggest of the segments and it has most of the listings. It is characterised by the following average characteristics:
•	Low Availability: Average of 26 days per year.
•	Low Review Count: Average of 11 reviews.
•	Low-to-Medium Minimum Stay: Average of 4.6 nights.
This segment seems to reflect the classic Airbnb host who is informal. These probably are houses that are frequently rented but not on a regular basis say when the owner is away. The inadequate supply and number of reviews indicate non-professional and short-term rental. The distribution of room types and neighbourhood group in this cluster is also very similar to the entire dataset distribution, which shows that such an operational style is common in all the boroughs and types of listings.
This segment is defined as having a totally different operational strategy:
· High Availability: Average of 287 days per year.
· Low Review Count: Average of 16 reviews.
· Very High Minimum Stay: Average of 13.6 nights.
This cluster will be in the form of listings that are oriented towards the more long-term stays. The availability is high which implies that these properties are committed rentals, though the fact that there is high minimum night requirement and a low number of reviews show that they experience a considerably lower number of guest changes. These may be corporate client, student, or people moving to the city property. 
This is the last segment that is the most active and popular listing in the market.
•	Medium-to-High Availability: Average of 174 days per year.
•	Extremely High Review Count: Average of 147 reviews.
•	Very Low Minimum Stay: Average of 2.9 nights.
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Figure 11: Cluster Profiles
(Source: Google-Colab)
It is evident that this cluster singles out the professional or very active hosts. The extremely low minimum night condition and its extremely large reviews number mean that it has a strategy of maximising occupancy with high turnover. These are the trendy listings, which are booked often in short stays, weekend trips. This is because they are not readily available thus are in high demand and they may be engaged. 
 [image: ]
Figure 12: Borough Distribution per Cluster
(Source: Google-Colab)
[bookmark: _Toc214468329]5. Discussion and Business Recommendations
[bookmark: _Toc214468330]5.1. Synthesis of Key Findings
The analysis provided a few important insights as to the structure and dynamics of the NYC Airbnb market.
Listing Type is Predictable, But Imbalances are Challenging
The random forest model showed that about 80% of the listing room_types can be accurately predicted by semi-limited number of features. Nevertheless, both models had a serious issue with the shared room minority category, an area of weakness that machine learning has in common. This implies that the current features are not well differentiated to capture or the specialised techniques (such as over-sampling) may need to be modelled to capture Shared room listing (Wang and Huang, 2023).
Price is the Dominant Predictive Factor
The analysis of feature importance was categorical in that it suggested that price_category was the strongest predictor of room_type. This observation suggests that the price is not only a financial factor but a powerful proxy of a myriad of other factors, including size, quality, privacy, and location, and which, in combination, form a listing type.
Operational Strategies Define Market Segments
The K-Means clustering was effective in recognizing three different types of operation personas that are not limited to geographical borders. These categories are referred to as 'Short-Term, Infrequent, Long-Stay, Less Popular' and High-Turnover, Popular' and are characterized by host behaviour and strategy (availability and minimum stay regulations) and not by fixed characteristics. This gives a more subtle look at the market compared to a borough-by-borough analysis (Camatti et al., 2024).
[bookmark: _Toc214468331]5.2. Strategic Business Recommendations
Resting on these findings, it is possible to develop certain recommendations concerning an Airbnb host and the platform itself.
Identify and Align with Your Segment
Hosts are supposed to determine the type of operation cluster their listing belongs to among the three. This self-awareness may lead strategy. An example of how this theory can be applied in practice: a host in the 'Long-Stay, Less Popular' (Cluster 1) segment that does not have high occupancy rates should also think about reducing their minimum_nights requirement to attract a larger market and shift themselves to the more profitable High-Turnover profile (Masrom et al., 2022).
Focus on Reviews to Drive Popularity
To become a host in the category of hosts who hope to belong to the ‘High-Turnover, Popular’ (Cluster 2) category, the analysis highlights the paramount significance of getting as many reviews as possible. It means that the promotion of guest reviews and the preservation of the high rating is one of the main instruments to increase the frequency and income of bookings (Alharbi, 2023).
Price Strategically to Signal Your Offering
In as much as price category is among the major differentiators, hosts ought to make sure that their pricing is matched to the type of listing they are providing. An Entire home/apt that costs in the low category would be seen as of lesser quality whereas a priced too high Private room would not find many bookings. The price is a good indication to the potential guests regarding the type of property.
[bookmark: _Hlk214469574]Develop Targeted Host Analytics Tools
A simplified version of this model of clustering can be incorporated into the host dashboard of Airbnb. This would enable hosts to check the segment that they are part of, to compare themselves with the segment average, and to be automatically recommended (Rezazadeh Kalehbasti, Nikolenko and Rezaei, 2021). For example, a host in 'Cluster 1' could be prompted: "Listings like yours with a lower minimum stay get 30% more bookings”.
[bookmark: _Hlk214469578]Address the 'Shared Room' Challenge
The fact that the models fail to categorize the listings of Shared room reflects the possibility of this market segment needing special support in the platform. Airbnb may research whether the attributes that constitute a Shared room are radically different and may even run marketing campaigns or develop new feature labels (e.g., Hostel-Style, Co-living) to make such listings more recognizable and easier to distinguish by algorithms as well as users.
Refine Search and Ranking Algorithms
The results of the feature importance can be used to feed the search algorithm in the platform. Since such variables as reviews_per_month and 365 availabilities are important, they may be prioritized more when ranking listings to enhance the booking experience of guests by placing active and available hosts higher in the ranking (Lektorov, Abdelfattah and Joshi, 2023).
[bookmark: _Toc214468332]5.3. Limitations of the Analysis
This analysis has a number of limitations that should be noted. The research was also limited by the range of the dataset, because it only used numerical and categorical characteristics, but did not include possible useful textual data listing descriptions. Moreover, its immobility as a snapshot of the market in 2019 fails to reflect the later development of the market. The K-Means algorithm could not be used as a methodology with a pre-defined number of clusters, and it might be less effective when dealing with the complicated distribution of data (Mahyoub et al., 2023).
[bookmark: _Toc214468333]5.4. Recommendations for Future Work
This analysis can be improved in a number of areas in future research. Predictive accuracy could be improved through the use of Natural Language Processing (NLP) to derive features out of text data and the use of sophisticated models such as Gradient Boosting. The issue of class imbalance must be directly solved with the help of such methods as SMOTE to enhance the recall of the under-represented category of Shared room (Liu, 2021). Lastly, the market segmentation could be even more narrowed down by considering other possibilities such as DBSCAN that will pinpoint the noise and does not need a predetermined number of clusters, possibly resulting in more fine-tuned results and gaining a deeper market understanding.
[bookmark: _Toc214468334]6. Conclusion
This report was able to showcase how the use of supervised and unsupervised machine learning methods can be used to derive actionable intelligence using the data contained in AB_NYC_2019. The project achieved all its objectives by creating and critical analysis of two models of classification, applying clustering algorithm of market segmentation and interpretation of the findings on a strategic business environment.
Random Forest classifier was discovered to be a suitable model in predicting the listing types, and examination of the importances of the features demonstrated that pricing is the most overpowering in this classification. K-Means clustering analysis was used to effectively divide the market into three significant operation profiles that provided a new insight of the host strategies beyond the traditional geographic or price-based divisions. The suggestions, which are based on these findings, give a concise and evidence-oriented direction of the hosts and the Airbnb platform to achieve better strategic decision-making, performance optimisation, and competitive advantage.
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