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[bookmark: _Toc214556894]Abstract
This paper works with the ABNYC2019 dataset with Airbnb to learn about the price patterns and behaviour of Airbnb listings in New York City. The data cleaning and browsing major variables, including room type, neighbourhood group, reviews and availability, form the beginning of the work. The findings reveal that the area prices vary greatly with Manhattan and Brooklyn being higher than the Bronx and Staten Island which are lower. The price is also influenced by the type of room since entire houses are more expensive than shared and private rooms. Two classification models included; Random Forest and Logistic Regression, were applied to predict whether there is high or low price in a listing. Random Forest was better, and it demonstrated a greater precision and excellent possibilities to depict non-linear relationships. The logistic model was also good but poor in complex patterns. Groups of listing were also found using clustering and it revealed four distinct types, including high-review popular listing, low activity listing, expensive multi-host listing and long-stay premium listing. The general evidence is that price is very sensitive to location, room type, and host behaviour and the findings can be used to inform business choices among Airbnb hosts and market researchers.



[bookmark: _Toc214556895]Introduction
The present report is an attempt to uncover trends and tendencies of the Airbnb market within New York City based on the ABNYC2019 dataset. The analysis is based on comprehending the factors affecting the price levels, as well as constructing predictive models that would categorize listings into high- and low-price categories. The data includes nearly fifty thousand listings and it will have the information like neighbourhood, room type, minimum number of nights, number of reviews and availability. These variables are used to explain the behavior of various listings in the city. The initial analysis of the data reveals that the values of prices differ significantly, and the distribution is very skewed and has numerous outliers. The neighbourhood groups of Manhattan and Brooklyn seem to have the highest costs whereas the groups of Bronx and Staten Island have significantly lower average prices. The type of room is also a factor, since full-home or full-apartment is typically expensive compared to a room that is privately or communally owned (Brodie, 2023, p.5). 
[bookmark: _Toc214556896]Literature review on predictive analytics
Most industries widely apply predictive analytics to comprehend the trends in data and make judgments based on the trends. The fundamental concept behind predictive analytics is that by analyzing historical data, it is possible to create forecasting models that can predict the future or categorize data. Regression, classification, clustering and machine learning algorithms are some of the most common methods in predictive analytics, in the field of data science (Rizk & Elragal, 2020, p.2). Numerous research indicates that the classification models such as Logistic Regression, random forest and support vectors machines are common in predicting the category when the target variable is categorical. One of the oldest as well as the most used models is the Logistic Regression since it is easy to interpret, and when the relationship between variables is linear in nature, it is good to use. It is, however, not good where the data are involved in complicated interactions. Random Forest is another more sophisticated model of machine learning, which involves a large number of decision trees to provide predictions. It tends to be more effective than simple models since it is able to model non-linear patterns and minimise overfitting. The application of tree-based models is also identified as useful since the models are simpler to operate with categorical variables and outliers. Another clustering algorithm, k-means is also referenced in the literature, as a technique to identify natural structures in the data in the absence of a target variable (Sarker, 2021, p.8). These techniques are useful in clustering similar observations, which is useful to market segmentation and knowledge of various kinds of customers or listings. A number of studies have been conducted about Airbnb pricing indicating that neighbourhood, type of room and host behaviour are good predictors of price. Other literature demonstrates that the patterns of review activity and availability can also be used to explain listing performance. On the whole, the available studies confirm the hypothesis of the combination of classification with clustering as having the benefits to provide a more accurate vision of complex data (Jeyaprakash & K, 2021, p.9). These concepts are used in this report on the Airbnb data to demonstrate how predictive analytics can help to make the insights clear and the choices more efficient.
[bookmark: _Toc214556897]Modelling Techniques
The model, which is employed to overcome these limits, is the Random Forest. Random Forest is an algorithm of machine learning that creates numerous decision trees and compiles them together to create a more powerful prediction. It is able to deal with non-linear interactions and patterns that cannot be dealt with by the Logistic Regression (Sperandei, 2014). The findings obtained with a Random Forest model in the current research indicate greater accuracy and larger area under a ROC curve which implies that this model is more powerful in terms of its ability to distinguish high-price and low-price listing. According to the model output, neighbourhood group, latitude, longitude and room type are the very important features. These results correspond with the knowledge that the price is highly dependent on location and the type of listing in the Airbnb market. Clustering follows classification in order to detect lists of listings that have no target variable. K-means clustering is selected as it is easy, simple to use and applicable to numeric data. The method clusters the listing in to four tiers depending on factors like price, minimum nights and number of reviews, reviews each month, count of host listings and availability. The clusters emerged in the results demonstrate various types of Airbnb properties, including the highly active listing with numerous reviews, the low-activity listing, the expensive listing that is controlled by professional hosts and the long-stay listing with high availability. These groups assist in providing more insight into the general market structure as well as those who wish to make decisions based on hosting can get help to compare their listing with the common behaviours in the market. A combination of classification and clustering is very strong in predictive analytics.
[bookmark: _Toc214556898]Dataset Description
ABNYC2019 dataset includes data on the Airbnb listings in New York City and includes the data which describes hosts, the types of properties, prices, the activity and availability of reviews. The dataset consists of 48,895 rows and 16 columns, which implies that it includes a very big number of listings in all the five major boroughs of the city. The structural variables entail the group of neighbourhood which defines the borough in which each listing falls. These are the Manhattan, Brooklyn, Queens, Bronx and Staten Island. The neighbourhood variable provides more specific location details having 221 distinct neighbourhood names. Latitude and longitude also provide a representation of location and can be used to know the trends of space. Room type is another variable that will be vital as it will be necessary to determine whether the listing is an entire home or apartment, a private or shared room. The impact of this variable on price is strong because, in most cases, whole homes are the most costly.
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Of all the variables, the price is the most significant variable since it appears in the data exploration as well as the classification model. The price values fall within 0-10,000 indicating that there is a wide presence of very cheap and very expensive listings in the dataset. The average price is approximately 106 indicating that fifty percent of the listings lie below the median price. There are also the minimum nights in the data, the quantity of which reveals the number of nights a guest should spend. The range of this variable is broad with some of the listing having more than one thousand nights, although majority have one to five nights. Reviews are represented by numberofreviews and reviewspermonth. The reviews vary between zero and over six hundred and reviews per month includes numerous gaps, and this indicates that some of the listings are not active or not reviewed frequently. The number of listings that a host handles is displayed in the calculatedhostlistingscount variable. This is one variable that will help to distinguish between casual and professional hosts who run hundreds of listings. Lastly, availability365 informs the number of days per annum each listing is available to be booked and it goes between zero to 365. The value approaching zero may indicate that the listing is highly booked or infrequently open whereas high values may indicate low demand or long-stay listing.
Once the data has been cleaned (e.g. cleaning up by deleting the id, hostid, name and hostname columns and rows where values are missing) it is now ready to be modeled. The transformation of neighbourhood group, neighbourhood and room type to factor variables will mean that they can be properly utilised by the models. There are evident trends in the dataset, particularly in the disparity in prices according to borough and room types and indicates that certain numerical variables, including the number of reviews and reviews per month, have moderately high correlations. All these features render the data to be useful in classification and in grouping endeavors. The numerous features and their massiveness enables the models to acquire meaningful patterns, which contributes to the development of strong predictions and definite groupings (Hsu, 2024, p.2).
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[bookmark: _Toc214556899]Model Implementation and Evaluation
Model implementation in this paper undertook in a number of distinct steps, with the first step being data preparation, which was followed by model training and lastly performance assessment based on the right metrics. The next step was to put a new target variable called highprice after cleaning the dataset by eliminating unnecessary fields and the data was also done by dealing with missing values. It is a variable that categorizes listings into high-price and low-price variables depending on the median of the cleaned data. After developing the target, the data was divided between the training and testing with an 80:20 ratio to ensure that the models were trained using the majority of the data but at the same time tested using unknown information. Prediction was done using two classification models which included the Logistic Regression and the Random Forest. The two models shared the same input variables that comprised of neighbourhoodgroup, roomtype, minimumnights, numberofreviews and reviewspermonth, calculatedhostlistingscount and availability365.
[image: A graph with numbers and lines

AI-generated content may be incorrect.]
The Logistic Regression model was trained with the help of glm function and family binomial. This generated coefficients of the impact of each variable on the probability of high price. The model summary revealed that the strong effects were on variables like Manhattan, Queens, minimum nights, roomtypeShared room, longitude and availability365. The coefficients sign and magnitude were insightful on the relationship between the price and each factor. The test set was predicted and accuracy, sensitivity and specificity were measured by the use of a confusion matrix. This was a model with an accuracy of approximately 82 percent, which indicates that it is a good model when it comes to a simple linear classifier. The AUC was determined by plotting the ROC curve and it was approximately 0.899, indicating that the model is quite effective at distinguishing between high-price and low-price listings although it cannot explain more non-linear dynamics.
Random Forest model implementation was made through the randomForest function with 300 trees and five variables that were tried in each split. This model is more malleable than the Logistic Regression since it is capable of uncovering complex patterns between variables. In training, Random Forest constructs numerous decision trees and an average is taken of their predictions. The overall error rate in the model output in the two classes was about 23 percent. The model indicated that the most important predictors were the roomtype, neighbourhoodgroup, longitude and latitude as indicated by the importance plot. The confusion matrix when predictions were made through the test set indicated that the accuracy is just near 84 percent which is more than that of Logistic Regression. The AUC of the ROC curve was approximately 0.918 which implies that Random Forest is more effective at classifying the two types of prices. Sensitivity and specificity were equal and the value of kappa also was in agreement of prediction and actual values. A k-means clustering algorithm was also used in the implementation of the model to learn the patterns of grouping. The data was scaled followed by clustering to ensure that there is no variable which dominates the grouping unduly. The most appropriate number of clusters was determined by the elbow method where k was four. The findings indicated that there were four significant clusters of various attributes in price, reviews and host activity (Irizarry, 2020, p.2).
[bookmark: _Toc214556900]Results Analysis
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The models and data exploration results provide a good understanding of the behavior of Airbnb listings in New York City and the extent to which the models can be used to predict the price categories. The overview of the dataset revealed that the distribution of prices is highly skewed, most of the data sets are characterized by low to medium price, and the few data sets are characterized by high values. The same was also observed in the price histogram where most bars were concentrated at the lower end. The boxplot of the type of room revealed that a whole home is significantly more costly on average than a personal or shared room, which confirms that the type of room is a crucial determinant of price establishment. Manhattan is the most expensive neighbourhood with the highest average and median price, as it was also indicated in the neighbourhood summary table, with Brooklyn coming next, and the Bronx and Staten Island the least expensive. These findings are consistent with general knowledge of housing disparities in New York.
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The correlation table that was printed in the output indicated that the correlations between price and most of the numerical characteristics were very low. This implies that numerical predictors are not able to explain price on their own. The numberofreviews and reviewspermonth have a moderate positive correlation, however, with the implication of listing with high number of reviews having more frequent reviews. Interesting patterns were also demonstrated through scatterplots. Minimum nights vs price demonstrated that the minimum stays do not necessarily correspond to higher price, whereas availability_365 vs price demonstrated that a listing with huge availability may be underdemanded.
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The RandForest model, as seen in the screenshot had a good performance of about 0.8429 proving that the confusion matrix was at a high level. The model relatively forecasted high-price and low-price listings with high rates. The sensitivity was approximately 0.8346 and specificity was approximately 0.8513 implying that the model is effective on both classes. ROC curve indicated that the AUC was near 0.92 indicating that it has good classification. The Logistic Regression confusion matrix gave a result of about 0.8231 accuracy, sensitivity of about 0.8060 and a specificity of about 0.8402. The AUC was approximately 0.899 that was also a good performance. These findings revealed that both models are useful though the predictions of the Random Forest are more reliable.
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The k-means clustering findings indicated that there were four clusters having varied behaviours. Among these were some categories of listings of interest in high review activity and high bookings, which might represent popular low or mid-priced properties. The other cluster had listings that were poorly available and had less reviews indicating that there was not a lot of rental movement or new hosts. One of the clusters consisted of very high prices and very high number of host listings, which is indicative of professional host operations. The final cluster was a category of listing that had long minimum stays and high availability, which indicates long-term rental-type listings.
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[bookmark: _Toc214556901]Discussion of Findings
Results of this research contribute to the creation of a clear picture of Airbnb listing behaviour in the New York city and how various characteristics affect the price, usage and host behaviour differences. Data exploration revealed that the price distribution of the city is highly skewed with numerous low and medium-priced listing and fewer very high-priced listing that form a long right-tail. The trend is observed in histograms, density plots and summary tables where the median price remains significantly low compared to the average due to extreme outliers. Regarding neighbourhood groups, it is obvious that there are familiar trends or patterns in price variations based on the housing expenses in the city. Manhattan and Brooklyn are priciest areas with Bronx and Staten Island being cheaper in listing. These differences are affirmed by the median values of these neighbourhood groups and the visualisations indicate that the Manhattan listings are concentrated towards higher price ranges. This observation is in line with the other literature and common knowledge about the New York accommodation market. It is also highly influenced by the type of room. Large houses or flats are far more expensive than single rooms and shared rooms are the cheapest that can be found in the city. This trend is evident in the boxplots as well as in the summary tables. It implies that the guests will be ready to spend more on the privacy and convenience, and hosts listing whole houses can offer much higher prices. These initial results indicate the hypothesis that location and room type are the most significant predictors of price and that numerical characteristics like minimum nights or availability have a less direct effect.
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This is supported in the correlation analysis. Price is weakly correlated with the numeric variables in the data and this implies that the numeric variables do not explain much on price behaviour by themselves. Nonetheless, the average correlation between the number of reviews and the number of reviews per month indicates that there is a certain number of listings that get an area of constant demand, and these questions can assist in the determination of the popular properties. The availability does not have a strong trend with price as indicated in scatterplots either. Most of the costly listings are large, which can indicate that they are not in demand or are long-term accommodations. Alternatively, the low-end listings can also be characterized by low availability, which can reflect high booking rates. There are also interesting trends in the minimum nights variable. Although there are listings that have high minimum stays with high prices, this does not always apply and most of the expensive listings have minimum stays that are shorter. This implies that minimum stay rules are very different depending on host strategy, and are not necessarily luxury or service level. The outputs of the EDA phase indicate that every attribute acts in a heterogeneous manner and that the forecast of price entails the combination of nominal and quantitative data.
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These observations are further expanded by the classification models. The model used is the Logistic Regression and this model is good and has an accuracy around 82 percent, that is, the model is able to classify most of the listings into either high or low price groups. The coefficients of the model indicate that certain factors have a significant likelihood of causing one to be high priced like being in Manhattan or being a whole house. The possibility of being high priced is reduced by other factors like sharing rooms or listings in the Bronx. These coefficients are comparable with the results in the EDA phase and ensure the relevance of location and room type. Nonetheless, the Logistic Regression fails to represent elaborate relationships between variables. This is evident in the results of the performance, as the value of the AUC though high at 0.899 still remains lower compared to that of the Random Forest model. Random Forest model is also more effective with approximately 84 percent accuracy and AUC of approximately 0.918. The sensitivity and specificity of the model are also balanced and hence are applicable to high-price as well as low-price listings and not to one of them. These are the strong results that are obtained by the variable importance plot since it demonstrates that neighbourhood group, room type, latitude and longitude form the primary predictive variables. This implies that the model relies on spatial patterns and types of listing to categorize listings. Random Forest model is also superior in terms of non-linear relationships and interactions which explains its superior performance (Rigatti, 2017).
The clustering findings offer an additional strata of discoveries which can be used to identify various market behaviours. The k-means algorithm showed 4 distinct clusters. The former cluster contains very popular listings, which have large amounts of reviews and have many reviews within a month. These are also listings that are characterized by short minimum stays thus appealing to people who want short visits. This cluster indicates the behavioural pattern of low to mid priced competitive properties which have steady bookings. The second group includes the listings that have low activity, low availability, and lower number of reviews. The following listings appear to be new or hardly rented. They can be a part of hosts that Airbnb use on a regular basis or have the house blocked to use it personally. The third group comprises the listings that have very high prices and very high numbers of host listing. This group is probably the representation of professional hosts with numerous listings and premium prices. They are also available in large numbers implying that they are made to maintain year round booking. The last group contains long minimum stay listings, high availability. These listings are better placed in long-term customers like students, temporary workers or visitors who may spend longer durations. This group aids in comprehending a different aspect of the market where Airbnb performs as a substitute of the long-term rentals and not as a short holiday accommodation.
The classification, as well as the clustering, demonstrate that the Airbnb market in New York City cannot be considered homogenous but divided into a number of types of behaviours. The price is determined mainly by the location where the listing is and the kind of room that it provides. The secondary factors such as the review activity, host listing count and availability explains the functionality of various listings in the market. The pattern of these phenomena can be modeled and forecasted with a high degree of accuracy as demonstrated by the classification models. The clusters also demonstrate the different behaviours of the hosts with some acting as full-time businesses, some providing occasional rentals and some others getting high demand. The results of the models are identical to the results of the exploratory data analysis and this enhances the general interpretation.
[bookmark: _Toc214556902]Business Recommendation
The findings of this research provide a number of valuable insights that may inform business decisions made by hosts, property managers and other interested parties willing to learn how they can position their listings to market in the New York City Airbnb market. Among the most powerful results is the fact that location plays a significant role and the average and median are significantly lower in Bronx and other areas of Brooklyn. The hosts operating in such neighbourhoods are able to charge higher prices with much confidence since the demand and the market expectation already favour high pricing. Conversely, the prices of listings in the Bronx and Staten Island are significantly lower, which means that hosts in these regions should think about providing competitive prices or other services to lure guests. The category of room is also a significant consideration in price and whole homes or apartments cost more than individual or shared rooms. Hosts, which, now, only have privately available rooms, may consider upgrading or reshaping their property to provide whole units where feasible, as it can lead to a substantial increase in the level of their earned income.
The clustering analysis indicates that the listings are grouped into definite market segments and each segment is characterised by various behaviour and booking behaviour. The hosts that belong to the low-activity category in which the listing has less feedback and lower occupancy might require the enhancement of their strategy. They can enhance the visibility by writing improved descriptions, enhancing photographs, lowering minimum stay conditions or even giving little price offs in a bid to get the first bookings. The presence in the high-performance category and high amount of reviews and activity indicates that high reputation contributes to the demand. This indicates that hosts ought to be attentive in dealing with the communication of their guests, cleanliness and review control as this pertains to listing being transferred to a more up-to-date group. The premium and well-managed apartments cluster with the professional hosts and very high prices indicates that there is a steady market of premium apartments. Competitors within the industry of individual hosts should aim at providing decent services, consistency of prices and availability throughout the year.
There are also helpful recommendations provided under the classification models. The fact that Random Forests did better than Logistic Regression in predicting a high price listing indicates that hosts can take advantage of using more sophisticated data-driven processes in planning prices. The model indicates that such variables like neighbourhood group, room type, latitude and longitude have a strong predictive power. These are the factors that should be used as a guide by the hosts when comparing their listings with those of their competitors who are near them. The easiest price comparison using similar listings in the same neighbourhood, same type of room, and similar availability patterns can assist the hosts to make selections of prices that are in line with the market expectations. The research also indicates that other numerical values including minimum nights and number of reviews have secondary impact and hence hosts can manipulate the values to narrow down the results. As an example, decreasing the minimum number of nights can assist in attracting the short-term visitors, and putting an effort on the guest experience can ensure the appearance of more positive reviews, which in turn will enhance the visibility.
Moreover, it is significant to have long-term strategic planning. Other clusters have longer stay listing, high availability, and long minimum night stays. The hosts of such clusters can be interested in targeting remote workers, students or business travellers who are buying long-term accommodation. Conversely, high demand and short stay listings are to be centered on the speed of turnaround and competitive rates per day. This study can also be of use to Airbnb company itself or property managers who wish to learn about market segments. Through predictive analytics it will be possible to see the listings that have upgrade potential, the markets that are oversaturated and the areas that increasingly become more appealing in terms of review activity and price behaviour. Altogether, the results indicate that to maximise performance in the fast-moving Airbnb market, the hosts ought to integrate low rates, effective presentation, strategic minimum stay options, and effective communication.
[bookmark: _Toc214556903]Conclusion
This paper attempted to examine the Airbnb market in New York City, through predictive analytics, and the results should give a clear view how other features in the listing affect the price, demand, and the activity of hosts. In an in-depth research, it was revealed that there exists uneven distribution of prices which largely depends on location and type of room. Splendid Manhattan and Brooklyn still take the first positions and houses are priced as a whole. Such trends are consistent with the overall predictions concerning the housing market in New York and are used to verify the perception of the demand in short-term rental markets. The two classification models that were employed in this research, that is, the Logistic Regression and the Random Forest, both worked well, though, the latter gave more significant results, owing to the fact that it tends to embrace multifaceted and non-linear relationships. It is implied that higher order machine learning methods are more appropriate when predicting price brackets in high volume and heterogeneous datasets such as Airbnb listings. The significant role of neighbourhood group, room type and spatial coordinates in the formation of price levels was also proved by the models.
Ultimately, the exploratory analysis coupled with classification and clustering provide an overall picture of the functioning of New York City listings. The results demonstrate that predictive analytics is a good technique of analyzing huge data and finding meaningful patterns. The models applied in this work were effective and the lessons learned can be applicable in making better pricing, enhancing guest experience and having a clearer perception of the Airbnb market. The findings have shown that data science methods can be effectively used to assist hosts to determine their market niche and in undertaking effective measures to enhance performance.
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Call:

gln(formula = high_price ~ ., family = binomial, data = train)
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