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Abstract - In the burgeoning market of short-term 
rentals, understanding pricing dynamics is crucial for a 
range of stake- holders. This study delves into the factors 
influencing Airbnb pricing in major European cities, 
employing a comprehensive dataset sourced from Kaggle. 
We utilize advanced regression techniques, including linear, 
polynomial, and random forest models, to analyze a diverse 
array of determinants, such as location characteristics, 
property types, and host-related factors. Our findings reveal 
nuanced insights into the variables most significantly 
impacting pricing, highlighting the varying roles of 
geographical, structural, and host-specific attributes. This 
research not only sheds light on the complex pricing 
landscape of Airbnb accommodations in Europe but also 
offers valuable implications for hosts seeking to optimize 
pricing strategies and for travelers aiming to understand 
pricing trends. Fur- thermore, the study contributes to the 
broader discourse on pricing mechanisms in the shared 
economy, suggesting avenues for future research in this 
rapidly evolving sector. 

1. Introduction 

In recent years, the shared economy has witnessed sig- 
nificant growth, with platforms like Airbnb transforming 
the landscape of short-term accommodations. Particularly 
in Europe, Airbnb has emerged as a popular alternative to 
traditional lodging options, catering to a diverse array of 
travelers seeking unique and personalized experiences. 
How- ever, this rapid expansion has brought forth complex 
pricing dynamics, influenced by an array of factors ranging 
from location specifics to property characteristics. 
Understanding these pricing mechanisms is not only 
critical for hosts and guests but also provides valuable 
insights into market trends and consumer preferences 
within the shared economy. 

This study aims to dissect the determinants of Airbnb 
pricing across major European cities, employing a data- 
driven approach. By leveraging a rich dataset from Kaggle 
(Gyo´di & Nawaro, 2021) [5], encompassing a variety of 
variables including location, room type, and host informa- 
tion, we apply sophisticated machine learning techniques, 
namely regression analysis and random forest models, to 
unearth underlying patterns and influences in Airbnb 
pricing. 

Our exploration extends beyond simple cost determinants, 
delving into how different factors interplay to shape 
pricing strategies in diverse urban contexts. 

The significance of this research lies in its potential to 
guide Airbnb hosts in optimizing their pricing models, 
aiding travelers in making informed decisions, and con- 
tributing to the broader understanding of economic 
models in the shared economy. Additionally, this study 
serves as a testament to the power of data analytics in 
deciphering complex market phenomena, offering a 
blueprint for similar analyses in other domains. 

2. Literature Review 

The advent of Airbnb and similar platforms has cat- 
alyzed a paradigm shift in the hospitality sector, 
prompting a growing body of research focused on pricing 
strategies within the shared economy. Several studies 
have examined the determinants of pricing in short-term 
rental markets, highlighting the interplay of various 
factors such as location, property characteristics, and host 
reputation. 

2.1. Location-Based Pricing Factors: 

A significant amount of research has underscored the 
importance of location in Airbnb pricing. Studies by [13] 
and [15] have demonstrated that proximity to city centers 
and tourist attractions often leads to higher prices due to 
increased demand. Furthermore, regional variations, as 
explored by [16], indicate that cultural and economic 
factors in different cities and countries can significantly 
influence pricing. 

2.2. Property Characteristics and Amenities: 

The impact of property features on pricing has been 
another area of focus. Research by [14] and [17] has 
shown that factors such as the size of the property, the 
number of bedrooms and bathrooms, and the availability 
of luxury amenities like swimming pools are directly 
correlated with higher rental prices. 
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2.3.Host-Related Factors: 

The influence of host attributes on Airbnb pricing has 
been explored in studies like those by [3] and [4]. These 
include factors such as the host’s reputation, response 
rate, and the number of listings they manage, all of which 
have been found to affect pricing decisions and consumer 
choices. 

2.4. Machine Learning in Price Prediction: 

With the advent of big data and advanced analytics, 
machine learning models have increasingly been 
employed to predict Airbnb prices. The works of [2] and 
[10] illus- trate the efficacy of regression models and 
random forest algorithms in predicting rental prices, 
based on a multitude of variables. Despite this extensive 
research, there remains a gap in comprehensive, multi-
city, European-focused studies that utilize advanced 
machine learning techniques to analyze Airbnb pricing. 
This study aims to bridge this gap by ap- plying 
sophisticated data analytics tools to a diverse dataset, 
providing a nuanced understanding of pricing dynamics 
across major European cities. 

3. Methods 

This study employs a multifaceted analytical approach 
to investigate the determinants of Airbnb pricing in major 
European cities (Amsterdam, Athens, Barcelona, Berlin, 
Budapest, Lisbon, London, Paris, Rome, Vienna). The 
methodology is underpinned by robust data analysis and 
machine learning techniques, specifically regression 
analysis and random forest models. 

3.1. Dataset Description: 

The analysis is based on the ’Airbnb Price Determi- 
nants’ dataset from Kaggle, which includes data for 51,707 
listings across ten major European cities. Key variables in 
the dataset include host information (e.g., host ID, 
response rate), property characteristics (e.g., room type, 
number of bedrooms, amenities), location details (e.g., 
latitude, longi- tude, proximity to city center), and pricing 
information. 

3.2. Data Preprocessing: 

The dataset underwent comprehensive preprocessing 
to ensure its integrity and applicability for analysis. The 
fol- lowing key steps were meticulously executed: 

3.2.1. Data Cleaning: This crucial step involved the elim- 
ination of duplicate entries and the management of miss- 
ing values to enhance data quality. A significant decision in 
this phase was the removal of room_shared and 
room_private variables due to their redundancy with the 
room_type variable. This action was taken to address 

multicollinearity concerns, ensuring a more robust dataset 
for subsequent analysis. 

3.2.2. Feature Engineering: In this stage, we engineered 
new variables to deepen our analysis. This included the 
categorization of properties by size and type, offering a 
more nuanced view of the dataset. Additionally, we 
quantified properties’ proximity to major attractions, 
acknowledging its potential impact on pricing. 

3.2.3. Normalization: To facilitate a fair comparison 
across various scales, we standardized numerical 
variables. This normalization process was vital for 
maintaining consistency and preventing skewed 
interpretations in the analysis. 

3.2.4. Data Transformation: The transformation phase 
involved converting categorical variables into dummy 
vari- ables. This step was essential for their effective 
integration into our regression models, allowing for a 
comprehensive analysis that incorporates both 
quantitative and qualitative data. 

3.3. Exploratory Data Analysis: 

The exploratory data analysis of the dataset yielded in- 
sightful trends and patterns regarding Airbnb pricing 
across various European cities. The key findings from this 
analysis are as follows: 

3.3.1. Pricing Trends Across Cities: A notable trend 
emerged with Amsterdam exhibiting the highest average 
prices for Airbnb listings in Europe as shown in Figure 1. 
This suggests a unique market dynamic in Amsterdam that 
drives higher pricing compared to other cities. 

 

 

Figure 1 

3.3.2. Impact of Property Type on Pricing: Analysis in- 
dicates a clear distinction in pricing based on property 
type. Entire homes generally command higher prices 
compared to shared or private rooms, reflecting a 
premium placed on privacy and space by Airbnb users. 
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Figure 2. 

3.3.3. Proximity to Metro Stations and Pricing Corre- 
lation: A common trend across most cities showed that 
properties located closer to metro stations tend to have 
higher prices, highlighting the value guests place on acces- 
sibility and convenience. However, an interesting anomaly 
was observed in Rome, where the distance to the nearest 
metro station appeared to have a uniform effect on pricing 
for all property types. This indicates that in certain urban 
contexts, other factors may override proximity to public 
transport as a primary pricing determinant. 

 

Figure 3 

3.3.4. City Attractiveness Index and Its Influence: 

The City Attractiveness Index significantly varies among 
European cities, with notable examples like Paris scoring 
higher. This variation directly correlates with differences 
in Airbnb room prices, highlighting the impact of a city’s 
overall appeal on accommodation pricing. Cities with 

higher attractiveness tend to have increased demand for 
accom- modations, thus driving up prices. Factors 
contributing to this index include cultural landmarks, 
entertainment options, and general livability. For Airbnb 
hosts, this means that properties in more attractive cities 
can command higher prices. For travelers, it indicates a 
likely correlation between a city’s appeal and 
accommodation costs. This index not only influences 
individual pricing strategies but also reflects broader 
economic and tourism trends within a city. 

3.3.5. Price Disparity in Room Types: The analysis 
highlighted a clear disparity in pricing between shared 
and non-shared rooms. Non-shared rooms, which include 
entire apartments or private rooms, generally command 
higher prices. This trend can be attributed to the 
additional privacy and exclusivity that these types of 
accommodations offer. This finding underscores the 
value guests place on having a private space, which 
becomes a significant factor in their accommodation 
choices and willingness to pay more. Understanding this 
disparity is crucial for Airbnb hosts in setting competitive 
prices and for guests in making informed accommodation 
decisions. 

3.4. Regression Analysis: 

3.4.1. Multivariate Linear Regression: Linear regression 
was implemented as the foundational model to establish a 
baseline understanding of the relationship between 
indepen- dent variables and Airbnb pricing. This approach 
assumes a linear relationship between the dependent 
variable (price) and the independent variables, such as 
location, property type, and host characteristics. The 
model’s coefficients pro- vide insights into the average 
effect of each predictor on the pricing, offering a 
preliminary overview of the factors that most significantly 
influence Airbnb prices. Here the realSum is predicted by 
all the other variables as shown in equation(1). 

 

3.4.2. Polynomial Regression: In addressing potential 
non-linear relationships between variables and pricing, 
poly- nomial regression was utilized. This approach 
expands upon linear regression by incorporating 
polynomial terms, en- abling the model to flex and capture 
more intricate patterns in the data. By scrutinizing these 
non-linear effects, we attain a more profound 
comprehension of how variations in variables, particularly 
at various levels, influence Airbnb pricing. Equation (2) 
illustrates the prediction of realSum by all other nominal 
and ordinal variables in this context.  
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3.4.3. Interaction Variables: The analysis encompassed 
an examination of interaction effects among variables to 
discern the compounded influences on pricing. Interaction 
terms were incorporated into the regression models to in- 
vestigate how the association between an independent 
vari- able and price varies across different levels of 
another variable. This is especially vital for 
comprehending how combinations of factors, such as 
location and property type, collectively shape rental 
prices. In equation (3), realSum is predicted by all other 
variables, and interactions are computed specifically 
among continuous variables. 

 

3.4.4. Lasso Regression: Lasso Regression was utilized as 
a method of regression that not only helps in predicting 
outcomes but also assists in feature selection. By imposing 
a penalty on the absolute size of the coefficients, Lasso 
tends to shrink less important predictor coefficients to 
zero, effectively performing variable selection. This is 
particularly beneficial in a dataset with many predictors, 
as it simplifies the model by keeping only the most 

relevant variables. Lasso’s ability to perform 
regularization helps in avoiding overfitting, making it a 
robust tool for modeling and under- standing the key 
drivers of Airbnb pricing. 

3.5. Random Forest Model: 

A random forest regression model was developed, build- 
ing upon the insights gained from the linear regression 
analysis. The choice of this model was particularly driven 
by its proficiency in managing the dataset’s inherent 
complexity (by maintaining all non redundant variables as 
in equation (4)) and the non-linear relationships 
uncovered during the linear regression phase. Key aspects 
that informed this choice include: 

3.5.1. Capability with Complex Data:  

The random forest model is adept at handling datasets 
with a multitude of predictor variables. In our case, the 
diverse range of factors influencing Airbnb pricing - from 
location specifics to host-related attributes - necessitates a 
model capable of processing and making sense of this 
complexity. 

 

3.5.2. Non-Linearity Accommodation:  

Linear regression analysis revealed the presence of non-
linear patterns in the data, a scenario where random 
forest models excel. By aggregating the outputs of 
numerous decision trees, each considering a random 
subset of features, the model is able to capture and reflect 
these non-linear relationships effectively. 

3.5.3. Robustness Against Overfitting: A key strength of 
the random forest model is its inherent mechanism to 
prevent overfitting. The model achieves this by creating 
multiple decision trees and using their averaged 
predictions, which generally results in a more reliable and 
accurate model, particularly important in our analysis 
involving a large and complex dataset. 
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3.5.4. Handling Large Datasets: Our study involves a 
comprehensive dataset encompassing a wide array of 
Airbnb listings across multiple European cities. The 
random forest model is well-suited for such large datasets, 
providing the computational efficiency and scalability 
needed to process and analyze extensive data effectively. 

3.6. Model Evaluation Metrics: 

Models were evaluated based on their R-squared values, 
mean squared error (MSE), and cross-validation scores to 
ensure accuracy and reliability. 

4. Results 

4.1. Regression Analysis Findings: 

4.1.1. Multivariate Linear Regression: The linear re- 
gression model revealed that location variables, 
particularly proximity to city centers and major tourist 
attractions, sig- nificantly impact pricing. Room type and 
property size were also notable determinants. Basic MLR, 
MLR with Stepwise Selection (Step), and MLR with 
Interaction Variables (IVs) all show moderate 
performance, with Train R2 values around 0.215 and Test 
R2 values around 0.337. This indicates a modest fit to the 
data. The introduction of stepwise selection and 
interaction variables does not significantly improve the 
model’s predictive accuracy, as indicated by very similar 
R2 and Root Mean Square Error (RMSE) values across 
these variations. 

 

4.1.2. Polynomial Regression: This model highlighted 
non-linear relationships, showing that factors such as the 
number of amenities and host reputation have a varying 
im- pact on pricing at different levels. Polynomial models 
with Order 2 and Order 3, with and without stepwise 
selection and interaction variables, show similar 
performance to MLR in terms of R2 and RMSE. The 
polynomial model with Order 3 and interaction variables 
demonstrates a noticeable improvement in the training 
phase (Train R2 = 0.233), but a decrease in performance in 
the test phase (Test R2 = 0.190), suggesting potential 
overfitting. 
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4.1.3. Lasso Regression: The Lasso regression model 
with Order 1 shows similar performance to MLR, with 
Train R2 = 0.215 and Test R2 = 0.337. This indicates that 
the model’s predictive accuracy is comparable to the linear 
regression model. 

4.1.4. Interaction Effects: The analysis of interaction 
vari- ables indicated complex interdependencies, such as 
the com- bined effect of location and property type on 
pricing. 

4.2. Random Forest Model Results: 

In the analysis of Airbnb pricing dynamics within major 
European cities, the results obtained from the random 
forest regression model provided pivotal insights, 
particularly em- phasizing the multifaceted nature of the 
factors influencing pricing. 

The model’s outcome highlighted host-related variables, 
such as the response rate and the number of listings man- 
aged, as significant determinants of rental prices. This 
reve- lation underscores the impact of host engagement 
and pro- fessional experience in the pricing structure, a 
perspective that adds depth to the conventional 
understanding of rental pricing determinants. 

Geographical factors, especially the coordinates of lat- 
itude and longitude, emerged as crucial in the price de- 
termination process. This result corroborates the intuitive 
understanding that a property’s specific location within a 
city significantly influences its value in the rental market. 
Furthermore, the attraction index was identified as the 
most influential variable, suggesting a direct correlation 
between a property’s proximity to popular tourist 
destinations and its pricing. This finding aligns with the 
expectation that areas with higher tourist appeal tend to 
attract higher rental prices due to increased demand. 

When compared to other regression models employed in 
the study, the random forest model exhibited superior 
per- formance. It achieved an Adjusted R2 value of 0.7543 
and an RMSE of 140.719 on the test dataset, markedly 
outper- forming the best linear regression model, which 
recorded an Adjusted R2 value of 0.3377 and an RMSE of 
233.1563. This significant improvement in predictive 
accuracy and explanatory power underscores the 
effectiveness of the ran- dom forest approach in capturing 
the complex interplay of variables influencing Airbnb 
pricing. 

In conclusion, the findings from the random forest model 
have significantly advanced our understanding of the 
deter- minants of Airbnb pricing in Europe. They reveal a 
complex interaction of host characteristics, geographical 
location, and tourist attractions in shaping rental prices, 
providing a comprehensive perspective that extends 
beyond traditional pricing models. 

 

Figure 4 

4.3. Model Comparison and Evaluation: 

The comparative analysis of the models’ performance 
metrics clearly indicates that the random forest model 
sur- passes the linear and polynomial regression models in 
terms of explanatory power and predictive accuracy. 

R-squared Comparison: The R-squared value for the 
random forest model stands at an impressive 0.7588743 
in the testing phase, as per Table 1. This value is 
significantly higher than those observed for both linear 
and polynomial regression models. R-squared, a measure 
of the proportion of variance in the dependent variable 
that is predictable from the independent variables, thus 
indicates that the random forest model explains a much 
larger portion of the variability in Airbnb pricing 
compared to the other models. 

Mean Squared Error (MSE) Analysis: The MSE for the 
random forest model in the testing phase is notably lower, 
recorded at 140.719. MSE, which measures the av- erage 
of the squares of the errors—i.e., the average squared 
difference between the estimated values and the actual 
value, is a critical metric for assessing predictive accuracy. 
A lower MSE for the random forest model confirms its 
superior performance in accurately predicting Airbnb 
prices, with fewer errors, compared to the regression 
models.  

In summary, the random forest model’s high R-squared 
value coupled with a significantly lower MSE underscores 
its effectiveness in capturing the complex dynamics of 
Airbnb pricing in Europe. It provides a more reliable and 
accurate tool for stakeholders in the Airbnb market to 
predict prices, thus facilitating more informed decision-
making. 
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5. Discussion 

The findings of this study offer insightful contributions to 
the understanding of Airbnb pricing dynamics in Eu- rope, 
revealing the multifaceted nature of factors influencing 
rental prices. The discussion below explores the 
implications of these results and their alignment with 
existing literature. 

5.1. Interpretation of Findings: 

The significant role of location variables, such as prox- 
imity to city centers and tourist attractions, is emphasized 
by the random forest model’s high R-squared value of 
0.7588743 in the testing phase, indicating strong 
explanatory power. This highlights the premium placed on 
convenience and accessibility in short-term rental 
markets. Property fea- tures, including room type and 
amenities, are also critical determinants of pricing, as 
evidenced by the random forest model’s low test RMSE of 
140.719. This suggests that such features are significant 
predictors of rental prices. The random forest model also 
sheds light on the importance of host-related factors, such 
as response rate and number of listings, indicating that 
credibility and reliability of hosts are key considerations 
for consumers. 

5.2. Comparison with Existing Literature: 

The emphasis on geographical variables is validated by the 
high performance of the random forest model. This 
demonstrates nuanced variations within urban areas, as 
ev- idenced by the model’s predictive accuracy. The 
identifi- cation of non-linear relationships and interaction 
effects in the polynomial regression models extends the 
understanding of the complexity in Airbnb pricing 
strategies. The varying R-squared and RMSE values across 
different polynomial models highlight these intricate 
relationships. 

5.3. Implications for Stakeholders: 

Understanding these determinants, especially those high- 
lighted by the predictive power of the random forest 
model, can aid hosts in optimizing pricing strategies to 
enhance profitability while remaining competitive. 
Travelers can use these insights to better understand 
pricing structures and make informed accommodation 
choices, considering the re- liability of the model’s 
predictions. Policymakers and urban planners can 
leverage this information to understand the economic 
impact of short-term rentals and guide regulatory 
measures. 

5.4. Limitations and Future Research: 

The study has limitations, including the scope of cities 
covered and potential biases in the dataset. The varying 

performance of the models suggests room for expanding 
the dataset. Future research could explore more diverse 
ge- ographical areas and incorporate longitudinal data to 
capture temporal pricing trends. Investigating the impact 
of external factors, such as local regulations and economic 
conditions, on Airbnb pricing would also be valuable. 

5.5. Concluding Remarks: 

The use of advanced machine learning techniques, par- 
ticularly the random forest model with its high R-squared 
and low RMSE values, provides a deeper understanding of 
the shared economy’s pricing mechanisms. This study 
offers valuable insights into the multifaceted nature of 
rental pricing in the Airbnb market. 

6. Conclusion 

This study embarked on an analytical journey to unravel 
the complex dynamics of Airbnb pricing in major 
European cities. Through the application of advanced 
machine learn- ing techniques, including regression 
analysis and random forest models, it has illuminated the 
multifaceted nature of factors influencing short-term 
rental prices. 

Key conclusions drawn from the research are as follows: 

6.1. Significant Determinants of Airbnb Pricing: 

The study confirmed the critical role of location-specific 
factors, such as proximity to city centers and tourist 
attrac- tions, in determining rental prices. Additionally, 
property characteristics like room type and amenities, 
along with host-related attributes, were identified as 
significant influ- encers. 

6.2. Methodological Contributions: 

The use of sophisticated data analytics tools provided a 
comprehensive understanding of the pricing mechanisms. 
The superiority of the random forest model in capturing 
the complexity of the dataset highlights the utility of 
machine learning in real-world economic analysis. 

6.3. Practical Implications: 

For hosts on Airbnb, the insights offer guidance on 
optimizing rental prices. For travelers, the study provides 
a lens to understand and predict rental pricing. 
Policymakers and urban planners can also draw valuable 
information for regulating and understanding the impact 
of short-term rentals. 

6.4. Limitations and Future Research: 

Acknowledging the study’s limitations, such as the geo- 
graphical scope and potential dataset biases, future 
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research directions include expanding the analysis to 
more diverse locations and incorporating temporal data to 
observe pricing trends over time. Additionally, exploring 
the impact of ex- ternal factors like local regulations and 
economic conditions could yield further valuable insights. 

6.5. Concluding Thoughts: 

Ultimately, this research contributes significantly to the 
understanding of Airbnb pricing strategies, offering a nu- 
anced view of the variables that shape them. It stands as a 
testament to the power of data science in elucidating 
complex market phenomena and lays the groundwork for 
future explorations in the shared economy domain.  
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Appendix  

1. Data 

Each major city has its own dataset for weekend and 
weekdays. Variables included in the dataset are: 

● HostID (Id) 

● Total price of listing (realSum) 

● Room type: private, shared, entire home, 
apartment (roomtype) 
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● Whether or not the room is shared (roomshared) 

● Max number of people allowed on the property 
(personcapacity) 

● Host’s Superhost status (hostissuperhost): Indi- 
cates whether the host is recognized as a 
superhost. 

● Whether it is multiple rooms (multi) 

● Whether for business or family use (biz) 

● Distance from the city center (dist) 

● Distance from the nearest metro (metrodist) 

● Latitude and longitude (lat, lng) 

● Guest satisfaction (guestsatisfactionoverall) 

● Cleanliness (cleanlinessrating) 

● Total quantity of bedrooms available among all 
prop- erties for a single host (bedrooms) 

● Index of attractions near the hotel (attrindex) 

● Normalized Index of Attractions near the hotel 
(attrindexnorm) 

● Index of Restaurants near the hotel (restindex) 

● Normalized Index of Restaurants near the hotel 
(restindexnorm) 

The dataset consists of: 

● Continuous variables: 

● realSum, dist, metrodist 

● lat, lng 

● attrindex, attrindexnorm 

● restindex, restindexnorm 

● Ordinal variables: 

● personcapacity 

● guestsatisfactionoverall 

● cleanlinessrating 

● bedrooms 

● Nominal variables: 

● roomtype, roomshared 

● hostissuperhost 

● multi, biz 


