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[bookmark: _k6inx5otjtbg]1. INTRODUCTION
Airbnb has been able to transform the short-term accommodation business through a dynamic platform in which it provides a wide array of accommodation solutions. Utilizing listing characteristics and user behaviour becomes imperative in such a competitive environment in order to increase operational efficiency and user experience. As an extension of the earlier research that verified data cleaning and exploratory visualisation of the AB_NYC_2019 data, the current study will take the analysis a step further and tap into the method of supervised and unsupervised machine learning. This study has two primary goals: (1) to estimate the types of rooms with a classification algorithm, and (2) to reveal the intuitive grouping of listings by a clustering algorithm. The analysis is aimed at identifying which algorithm more effectively classifies listings, specifically the Decision Tree and the Random Forest by implementing and comparing the models and analysing their classification performance by such attributes as price, location, availability, and other characteristics [1]. In order to complement this, KMeans clustering is used to formulate any hidden patterns or groupings that cannot be instantly seen when using traditional analysis.
The main objective is not just technical evaluation, but also strategic insight. Through the analysis of the model outcomes taking into consideration the Airbnb marketplace dynamics, the research will attempt to make evidence-based recommendations that can be used in pricing strategy, platform optimisation, and customer segmentation [16].
[bookmark: _enc73c038kv]2. LITERATURE REVIEW
[bookmark: _ydb0ya6bdnxn]2.1 Predictive Analytics and the Sharing Economy
In the hospitality and sharing economy industries, predictive analytics is a key component of the industry as it helps to make wise decisions based on the available data. In the case of platforms such as Airbnb, it helps to predict guest preferences, change pricing approaches and simplify operations [2]. It enabled businesses to adapt quickly to the shifting demand patterns during such crises like COVID-19 [7]. [4] emphasize that one of the key prerequisites of a personalized service is predictive modeling based on the possibility of converting raw information with the help of machine learning into strategic and customer-focused data.
[bookmark: _976na9gl73hn]2.2 Machine Learning in Hospitality
The adoption of machine learning in the hospitality sector has allowed predictive systems to improve decision-making procedures in the context of positioning the operations on the customer behavior, predicting customer satisfaction, or price optimization [4]. The decision tree or random forest algorithm suits structured data with the structure of Airbnb listings [12]. These models both match the expectations of guests with listing characteristics by metadata and reviews [9], and also expedite sound price and occupancy forecasts [6].
[bookmark: _dbh4276vxaj9]2.3 Classification Techniques
Predictive modelling relies on classification methods within the context of the sharing economy. Decision Trees categorize data by splitting recursive features into formalized decision rules, which are simple, highly interpretable, but which may overfit when the data has noise or complicated relationships [12]. Random Forest overcomes this drawback by utilizing several trees that are trained on random features subsets, enhancing stability, generalisation and overfitting resistance [14]. These models are also especially effective in Airbnb-related tasks including the category of room types optimization or which listings have potential of high occupancy. In order to measure performance, it is necessary to use metrics such as accuracy, precision, recall, and F1-score, which provide a robust overall evaluation of performance, especially in imbalanced datasets [18]. There are also probabilistic metric extensions that improve the assessment based on uncertain predictions [19].
[bookmark: _qhznnr8bau1z]2.4 Feature Selection in Predictive Modelling
The process of selecting the features that become relevant is a very crucial aspect during the development of the model. [13] gave a comprehensive review of the feature selection processes in the aspect of big data. They also state that the deletion of redundant or irrelevant attributes enhances model performance, computation, and interpretability. Recursive feature elimination and mutual information are some of the techniques that are commonly utilized to determine the most informative features. Room type, price, number of reviews, and neighbourhood group are characteristics which have been found to be strongly predictive in Airbnb datasets [6]. 
[bookmark: _kszsuf4dtgzl]2.5 Clustering in Pattern Discovery
Clustering tries to find inherent structures in data whereas classification places predetermined labels to data. One of the most popular unsupervised learning models is KMeans clustering which divides the data into K clusters by reducing the occurrence of inter-cluster variance [10]. It will come in handy especially in categorizing the Airbnb listings according to common features such as cost or availability. KMeans assumes spherical clusters and is sensitive to initial centroids, which can affect clustering outcomes. These shortcomings can be solved by alternative algorithms like DBSCAN or hierarchical clustering particularly in samples where individual clusters are irregular [3]. Clustering also allows Airbnb operators to find new groupings they did not know in their listings like high-end, medium, and budget accommodations. 
[bookmark: _wc5y90jn9t0y]2.6 Integration of Analytics in Strategic Decision-Making
The use of machine learning models is not simply a matter of interest among academics but has real value to decision-makers. According to [15], quick data clustering can make it easier to identify the emerging trends and consumer categories and respond proactively by businesses, although with the help of data clustering. The dashboard tools of the Airbnb business can be equipped with predictive models and clustering to make recommendations to hosts, refine pricing algorithms and assist with neighbourhood level planning. [2] argues that hospitality businesses that are ready to adopt predictive analytics achieve a competitive advantage because they can provide customized services and predict the needs of customers. On the same note, [4] also underscored the strategic relevance of data science when it comes to developing future business models in the sharing environment.
[bookmark: _5pgiong6j912]2.7 Ethical Considerations and Limitations
Predictive analytics and clustering approaches also raise ethical and methodological concerns. History-based biases may promote unfair or discriminatory behavior, especially in user-generated platforms such as Airbnb [9]. The models of clustering are depending on the selection of algorithms and the other parameter settings, and the problems of local extremes and the scalability can influence reliability and interpretability [3].
[bookmark: _jx6pmf90e4bh]2.9 Literature Gap 
Although the deployment of predictive analytics and clustering to sharing economy platforms has made considerable progress, there are some gaps to address. The existing literature does not provide an extensive comparison research of both classification and clustering methods on real Airbnb datasets. Additionally, although numerous studies discuss the performance measures, few of them go into details of decision context or ethics. This gap highlights the necessity of all-inclusive, discernible, and morally conscious data mining structures discriminated against by peer-to-peer accommodation platforms.
[bookmark: _oqk9ym9q0k3f]3. DATASET DESCRIPTION
The dataset that will be used in this paper is called AB_NYC_2019.csv and was obtained via Kaggle and provides information about 48,895 Airbnb listings in the five boroughs of New York City in detail [8]. It presents an in-depth overview of the Airbnb market in 2019, including all the parameters of each listing, including location, price, host, availability, and user interactions in form of reviews. Some of the most important categorical variables in the dataset are neighbourhood_group (the borough Bronx, Brooklyn, Manhattan, Queens or Staten Island) and room_type (Entire home/apt, Private room, Shared room). These play an important role in classification jobs such as room type prediction and interpretation of the spatial distribution of listings. 
Important numerical variables include price, minimum_nights, number_of_reviews, reviews_per_month, calculated_host_listings_count, and availability_365 [8]. These numerical characteristics allow the identification of patterns and division into clusters. Before analysis, a massive data cleaning process was implemented in order to maintain quality and relevance. Irrelevant and redundant columns such as id, host_id, name, last_review, and host_name was removed, as they either contained unique identifiers or unstructured text with little predictive value [8]. Any missing values, especially those with reviews_per_month column was imputed with the value of zero. Price and minimum_nights outliers were detected and filtered with domain-constrained maximums to avoid a skewed model training [8]. The label encoding was used to encode categorical variables to be fed into machine learning algorithms. The reduced dataset with only useful features allowed more interpretable and accurate model performance, allowing it to support the goals of classification and clustering.
[bookmark: _ayds4nw98z29]4. METHODOLOGY
This analysis used both supervised and unsupervised machine learning methods to extract information about Airbnb listings in New York City. The methodology consists of two essential parts, which are classification and clustering. The methods have been chosen according to their appropriateness to the data and the purpose of analysis the methods supplement.
[bookmark: _xi1p9sz082rc]4.1 Classification
The goal of the classification task was to make the prediction of the room_type of a listing based on the structured features, including the price, availability, number of reviews, and location of the listing. There were two machine learning models that were used, namely Decision Tree and Random Forest [1].
Model 1: Decision Tree
The Decision Tree classifier was chosen due to its accuracy and cheapness to compute. It operates through recursive subdivision of the data set into branches depending on feature values with maximum information gain (or minimum impurity) (e.g., Gini index). A labeled dataset was used to train the model in which room-type was the target variable, a categorical attribute [11]. Although the Decision Tree had very quick training performance and the results were easily understandable based on rules, it also had a modeling propensity to overfit to the training data, especially with the presence of noise or outliers. This is a typical shortcoming of single-tree models which may produce overly intricate branches that decrease its ability to perform well in novel data.
Model 2: Random Forest
In order to deal with the issue of overfitting, a Random Forest classifier was applied as well. Random Forest as an ensemble learning technique builds many Decision Trees on various bootstrap samples of data and pools their predictions together. Also, picking features randomly per tree ensures that the model is less dependent on a particular subset of features as well as minimizes variance [11]. The ensemble technique resulted in better generalization, which gave better predictive performance on the test data. The possibility of measures of importance of built-in features also assisted with suggesting the most significant variables that affected the classification of room-type.
Evaluation Metrics
A classification report was used to evaluate model performance and includes four major statistics, namely accuracy, precision, recall, and F1-score. Accuracy indicates general accuracy; Precision is used to measure the ratio of true positives to the predicted positive; Recall measures how well it is able to detect some actual positive; F1-score is used to balance between precision and recall [11]. The errors of prediction and misclassification by the room types were also interpreted using a confusion matrix.
[bookmark: _ktlsbu11o88g]4.2 Clustering
In the case of the unsupervised learning part, the KMeans clustering algorithm was used to recognize natural clusters of data in the dataset using continuous features. The data that was inputted was standardized by the methods of normalization; this was done because it was necessary to make all the features equally valuable to the distance measures that were employed by the KMeans. Relevant numerical features included price, number_of_reviews, and availability_365 [8]. In order to aid visual interpretation and dimensionality reduction, the Principal Component Analysis (PCA) was implemented, which decreased the size of the feature space to two dimensions. This enabled proper plotting and exploration of the cluster structures that came about. This algorithm was able to identify significant clusters in the Airbnb listings, despite the axis of assumption of KMeans, which includes a spherical cluster form and equal sizes [1].
Finally, the methodology uses classification as a predictive tool and clustering as a data exploration tool. All these models facilitate discovery and prediction and provide complimentary insights into Airbnb listing behaviours.
[bookmark: _1e06mi1sb2gj]5. Results Analysis and Discussion
The section gives a comprehensive description of the workflow of analysis, starting with the process of data preparation and exploratory analysis, through the process of model development and evaluation. It contains classification on both Decision Tree and random Forest, and the clustering on K-Mean. The goal is to identify Airbnb data understanding and evaluate the performance of the model in classifying type of room and classifying listing.

Importing Essential Libraries
[image: ]
(Developed in Python)
The data processing, visualisation, and machine learning required Python libraries that were imported initially as a beginning of the analytical workflow. Structured data were easily handled and manipulated with the use of Pandas and NumPy, and exploratory visualisation was also featured with Matplotlib and Seaborn as it helped to uncover the trends in the Airbnb data. In order to promote model creation, Scikit-learn modules have been added, such as data preprocessing (e.g., LabelEncoder, StandardScaler) and supervised learning (e.g., Decision Tree, Random Forest) categories along with evaluation (e.g., classification reports, confusion matrices) functions. Also, the K-Means algorithm of clustering and Principal Component Analysis (PCA) were also imported to make it possible to learn unsupervised and reduce dimensions [10]. The warnings were also disabled to obtain clean output when running. This comprehensive setup provided strong backgrounds on both the task of classification and clustering that was done in the following steps during the analysis.

Data Loading and Cleaning
[image: ]
(Developed in Python)
Once the dataset was loaded (AB_NYC 2019.csv), data preprocessing and cleaning took place (to guarantee an accurate analysis). Initial steps included the removal of non-informative columns such as id, name, host_id, host_name, and last_review, which do not contribute directly to modeling. The reviews_per_month that had missing values were handled by fillna() which ensured that null values would not ruin the data hence loss of data. Additional filtering algorithms were used in order to remove extreme or unrealistic values [3]. All the listings below a price of zero or above $1000 were avoided to reduce the effect of outliers and anomalies. Similarly, all records whose minimum number of nights is more than 365 were dropped to narrow the analysis to the normal booking patterns, therefore enhancing generalizability of the model.

[image: ]
(Developed in Python)
The dataset was then cleaned, then reset with reset index to ensure consistency in the rows, which gave a well-structured DataFrame of 36,065 valid listings. These records contained important characteristics like neighbourhood_group, latitude, longitude, room_type, price, availability_365, and others. An output of a df.info () made sure that there were no values missing in the chosen variables, and all the columns were typed accordingly of either object or the float64 type, which guarantees the appropriateness to encode and model. In order to ensure the effectiveness of filtering and transformation, the cleaned dataset was then previewed with the help of df.head to see realistic entries. This stage of data curation provided a good base towards proper classification and clustering analysis.

Exploratory Data Analysis (EDA)
Price Distribution
[image: ]
Figure 1: Price Distribution of Listings 
(Developed in Python)
A histogram was drawn to show the listing price distribution. This data had a strong skew towards the right meaning that the majority of the Airbnb listings were below $200 per night. Such a large proportion of low-end hotels is indicative of a high concentration of low-cost hotels, with the excessively high-end hotels scattered a bit higher, at approximately up to around $1,000. A kernel density estimate (KDE) was included to ensure the pricing behaviour within the group of hosts was concentrated on lower values, which were used in subsequent decision making by filtering and modelling.









Room Type Distribution by Borough
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Figure 2: Room Type Distribution by Borough
(Developed in Python)
The count plot was employed to identify room types in the five boroughs of New York City to determine spatial differences in the provision of rooms. It was found out that Brooklyn and Manhattan are dominant in the short-term rental market. The types of Brooklyn were quite similar in terms of the proportion of the listings of “Private room” and “Entire home/apt”, whereas in Manhattan the “Entire home/apt” listings vastly surpassed other types. Queens had a modest number of shows with the majority of rooms being privately held, compared to the Staten Island and Bronx which hardly had any activity, as there is less adoption of Airbnb in these localities. These trends imply a variation in the commercialization and target market levels of the boroughs.
Correlation Analysis
[image: ]
Figure 3: Correlation Heatmap 
(Developed in Python)
A Pearson correlation coefficient heatmap of numerical features gave an idea of relationships between features. There were significant positive relationships between number of reviews and reviews per month (0.77) and between availability issues 365 and the calculated host listing count (0.28), which points towards consistency of behavioural elements in active listings. In the meantime, room-type also had a moderate negative relationship with price (-0.26), which is not surprising given that more minor accommodations attract higher charges. Columns related to clustering, including cluster and silhouette also were added that demonstrated interpretable but weaker relationships with pricing and availability, and validating their place in unsupervised segmentation later in the workflow [17].

Data Preprocessing for Classification
[image: ]
(Developed in Python)
In order to facilitate the use of the dataset in the process of training a model or indeed testing the model, a number of preprocessing steps were put in place so as to make sure that the features were in the right format to be used in the model training and testing. Categorical characteristics included in the cleaned dataset, which are neighbourhood_group, neighbourhood, and room type, were coded through Label Encoding. Such conversion converted every single category into the numbers, which machine learning algorithms understood and processed. Each variable received its own LabelEncoder object to maintain the possibility of being able to invert predictions in the future. After encoding, the room type variable was assigned to become the target label (y), and all that had now been encoded and numeric columns were the feature matrix (X) [18]. This partitioning provided a certain line of predictors and the attribute on classes under which rooms would be classified.

[image: ]
(Developed in Python)
The dataset was then split into training and testing datasets in a 70/30 proportion using the train test split () with a random state of 42 set at all times so as to replicate the results. Similarly, the training data had 25,257 samples, 10 feature columns and the test data had 10,829 samples, 10 feature columns.This partitioning provided a robust dataset size for training while maintaining a sufficiently large and unbiased portion for evaluating the generalisation performance of the classification models.

Classification Models
Decision Tree Classifier
[image: ]
(Developed in Python)
The initial classification model that was used was a Decision Tree Classifier. The model was trained using a dataset with 25,267 and 10,829 training and test samples respectively. It was expected to classify the room based on the mechanical turbo characterization of the room, including data on location, price, reviews, and availability. The total accuracy of the model was 78.4 per cent showing a satisfactory result of a single estimator model. When assessing its accuracy, recall, and F1-values, the model worked most effectively with the listings of the Private Room listings (label 0), where the accuracy was 0.82, the recall was 0.81, and the F1-score was 0.82, with the support of 5,606 instances. In case of Entire Home/Apt (label 1), the precision and recall were similar at 0.77 with the F1-score lower by a bit at 0.78 on 4,956 samples. 
The model performed poorly in the case of Shared Rooms (label 2) with an F1-score of merely 0.27 on 213 instances, which indicates that the minority classes will not generalize well. The confusion matrix showed that shared rooms were wrongly classified significantly: 64 shared rooms were correctly classified, 28 were misclassified as Private rooms, and 121 as Entire Home/Apt.
Random Forest Classifier
[image: ]
(Developed in Python)
In order to increase the precision of predicting as well as minimizing overfitting, a Random Forest Classifier was trained using the same set of data. Such a collective method brought about great improvement in performances which resulted in a test accuracy of 86.0%. The model had a precision of 0.87, recall of 0.89 and F1-score of 0.88 when used with Private Rooms, whereas with Entire Home/Apt listings, it had 0.84, 0.85, and 0.88 respectively. The model subsequently performed more effectively in managing the underrepresented Shared Room category, with an increased F1-score of 0.35, and it has 46 correct predictions as indicated in the confusion matrix. 
Overall, Random Forest performed better in all measures including, accuracy, macro average, as well as weighted average and requires strong and appropriate measures to categorize Airbnb listings misbalanced in terms of their classes.

Feature Importance Analysis
[image: ]
Figure 4: Feature Importance from Random Forest Classifier
(Developed in Python)
The feature importance graph, which shows the importance of each variable in the prediction of room type, demonstrates that price has the highest impact on the choice, and its level of importance is much higher in likelihood of success than all other factors. This implies that the cost of accommodation is very differentiated on Airbnb in terms of whole house or apartment, individual rooms and shared rooms. Another interesting development in the visualisation is the significant role of longitude and latitude, reminding one that geographical location is important when determining listing type, since amenity to neighbourhood frequently plays a dynamic role in the ways the property is brokered. Moreover, availability_365 seems to be a mediocre factor, which demonstrates that the regularity of availability booking predicts the difference between fully rentable units, and owner-occupied listings. 
The other features including minimum nights, number of reviews and reviews per month have smaller yet significant effects. Finally, the graph supports the idea that financial and spatial features are the most effective predictors when classifying Airbnb rooms at their type.

Model Evaluation and Comparison
[image: ]
(Developed in Python)
In order to compare the performance of the two classification models, four important evaluation metrics were computed, namely, accuracy, precision, recall and F1-score. These measures are well balanced measures of predictive performance, especially in a multi-class classification setting like predicting Airbnb room type. It was found that the Decision Tree model had an accuracy of 78.49% precision (78.75%), recall (78.56%), and F1 -score (78.57) with an accuracy of 78.49%. Despite the reasonable performance of the model, the accuracy results reveal that it is slightly inconsistent in terms of precision and recall, and this model is sensitive to misclassification, which supports the issue of overfitting that was experienced during training [1]. 
Similarly, the Random Forest classifier had a performance advantage. It achieved an accuracy of 85.59%, while also achieving higher precision (85.74%), recall (85.55%), and F1‑score (85.19%). The enhanced generalization power of the ensemble method enables the model to address the underlying trends in the data and reduces errors levels.
[image: ]
Figure 5: Classification Model Performance Comparison
(Developed in Python)
The comparison graph effectively demonstrates the performance difference between the two models, in which the Random Forest always beats the performance of the Decision Tree in all measures of evaluation. The Random Forest, according to these results, can be deemed as a more valid and efficient model in forecasting room type in Airbnb listings. Its stronger accuracy and balanced precision recall trade-off are more efficient in the real world, including guiding hosts in optimal room offering or improving platform-level recommendation systems.

Clustering with K-Means
[image: ]
(Developed in Python)
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Figure 6: PCA of Listings with Clustering 
(Developed in Python)
K-Means clustering has been used to encourage Airbnb listing to form meaningful groups, with the use of the standardized numerical variables. Before clustering, the data was first scaled with the help of the StandardScaler and dimensionality reduction was carried out in Principal Component Analysis (PCA) which allows one to see the data in a clear 2D visualization. The algorithm was set up to detect four clusters (k=4). The resulting plot, which was a scatter plot of PCA components, showed different clusters, which implied that the listing was well segmented [9].
[image: ]
Figure 7: K-Means Clustering of Airbnb Listings 
(Developed in Python)
The clusters imply divisions among various kinds of listings such as low-priced, high-availability options and upscale or low-availability ones. A second plot on top of room types represented partial co-existence with the clusters indicating that room type depends on underlying number properties. The clustering therefore offers beneficial knowledge as far as market segmentation is concerned.
Clustering Evaluation
[image: ]
(Developed in Python)
The K-Means clustering Silhouette Score was 0.177 which shows that there was poor separation of clusters in the complete feature space. Although this numerical measure indicated weak cohesion and division, the 2D PCA visual representation was capable of identifying visually different clusters, which can be potentially relevant to business in terms of separating listings in terms of common features.
Business Insights
The classification models, specifically the Random Forest turned out to be powerful in predictive performance and may be of value to Airbnb in maximizing hosts onboarding procedures. The model can propose the most suitable room type to new hosts based on the features of the price, location (latitude and longitude), and availability. This assists in creating realistic expectations, optimization of listing and alignment with the market demands [7]. The approach based on the clustering method, although with the moderate Silhouette Score, made apparent the visually distinct clusters of listings. These clusters can continue to be useful as they can determine various market segments such as low-end and high-end accommodation [12]. This type of segmentation can be employed to promote targeted marketing, local promotion, and better inventory planning, and eventually serve Airbnb to customize services to various customer and host requirements.
[bookmark: _3bp8vsicl35t]6. RECOMMENDATIONS
· Deploy Random Forest for Prediction: Room-type classification using the Random Forest model is to be adopted as it proved to be more accurate, precise, recall, and F1-score. Its ensemble character makes it more accurately generalized and reduces overfitting and hence it is good to be used in the real-world scenario in the case of the Airbnb recommendation systems [14].
· Utilize Clustering for Strategic Insights: Although it has a low Silhouette Score, K-Means clustering had a visual interpretation of segmenting. On the one hand, these clusters can be employed to create highly customized marketing campaigns and conduct dynamic pricing depending on the likes and dislikes of the customers, as well as listing availability [3].
· Extend to Association Rule Mining: The analysis in the future must employ the association rule mining so as to determine the common occurrence patterns (e.g., common neighborhoods, types of rooms, patterns). It would assist in the area of personalization and inventory planning [5].
· Test Alternative Clustering Methods: Trying DBSCAN or hierarchical clustering to help identify more complex structures in the data and better the quality of clusters.
[bookmark: _93hy0wq8t3x1]7. CONCLUSION
This study used predictive analytics in the Airbnb NYC dataset, to categorize types of rooms and reveal customer groups. The analysis using the Decision Tree and Random Forest models showed that the latter had a better performance on all the metrics evaluated, which indicates its application in classifications in hospitality websites. Important attributes have been identified as price, location, and availability which were the most influential in predicting room type. The clustering with the K-Means algorithm in spite of showing a low Silhouette Score showed some differentiated groups that can be scaled through PCA, which can provide practical data on market segmentation. These results highlight the opportunities of machine learning in improving service personalization, listing strategies, and overall benefit of platforms within peer-to-peer accommodation systems.
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~ Load and Clean Data
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Show Cleaned Dataset
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Price Distribution of Listings
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Correlation Heatmap of Numerical Features
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Data Preprocessing for Classification

Encode Categorical Variables

#rom sklearn.preprocessing Lnport LabelEncoder
Label_encoders - 0}

For cal tn [“netghbourhood groue”, “neighbourhood, “roon_type':
1e - LabelEncoder()
aflcol] = 1 A1t transfora(d{eor])
Laben_encoderseal] = 1o

X = at.drop("rocn_type’, axtset)

¥ = el roon_type']
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Train-lest Spst

Xtrain, X test, y_tratn, y_test - train test_SpliE(X, y, test_size-0.3, random state—t2)

print(+"Trsining dsts shape: (X train.shape)”)
nt(F Test data shape: (X_test.shape}")

Tratning data shape: (25267, 10)
Test dita shape: (10829, 1)
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Classification Model 1: Decision Tree
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Classification Model 2: Random Forest

= RandonrorestClassifier randon_statest2)
P FAE(C_tratn, y_train)

y_pred_ré = ré.predice(test)
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Model Evaluation

rom sklearn.netrcs isport sccuracy_score, precision_score, recall_score, 1_score

metrics = )
metricsl Dectsion Tree’] = {
“hccuracy" accuracy_scorely_test, y_pred_dt),
“Precicion’ precision scorely_test, y_pred_dt, veragesueighted),
“Recall’: recall_score(y_test, y_pred_dt, sverage='ueighted'),
“FI-Score’ f1_scorely_test, y_pred_dt, average='uelghted’)

)
metrics] Randen Forest] = (
“hccuracy": accuracy_scorely_test, y_pred_rf),
“Precicion’ precision scorely_test, y_pred ¥, averages"ueighted),
“Recall’: recall_score(y_test, y_pred_rf, sverage="ueighted’),
“Fi-Score’ f1_scorely_test, y_pred_rf, average='uelghted’)

)
metrics 6f = pa.Datarrane(etrics).T
print (setrics_6)
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Clustering (K-Means)

Scale the data

© scaler - standarascater()
X scated - scaler.fit_transforn(x)

#ron sklearn. decospos1tion inport PCA
pea = PCA(n_conponents=2)
Xpea = pea it transtorn(x_scaled)

P Figure(Figsize=(s,6))
s scatterplot(xX peal:, 8],y peal:, 1], hueey, palette='tabie’)
PLE.ttle("PCA of Listings with Clustering”)

p1t.shou()
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PCA of Listings with Clustering
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K-Means Clustering of Airbnb Listings
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Evaluate using Silhouette Score for clustering

11 score = silhouette_score(C scaled, o[ cluster 1)
print(r-siihouette Score: (<11 score:.36))

Stinoseete score: 0.177
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Import Required Libraries.

seport. pandas 25 pd
soport. mapy 25 np

soport. matplotlsh.pyplot ss plt
Leport. sesborn 55 sns

#rom sklearn.preprocessing isport LabelEncoder, Standardscaler
#rom sklearn.nodel_selection iepor train_test_split

#rom sklearn.tree Tnport DecisionTreeclassifier

#ron sklearn. ensesble inport. RandoaForestClassifier

#rom sklearn.netrics isport classification report, confusion matrix, silhoustte score

#rom sklearn. decosposition tnport PCA
#rom sklearn,cluster isport kesns

rom alxtend. frequent_patterns iaport sprdord, association_rules
o —
Marnings. F1teruarnings (“ignore")




