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Abstract: The real estate market plays a pivotal role in most nations’ economy, showcasing
continuous growth. Particularly noteworthy is the rapid expansion of the digital real estate
sector, marked by innovations like 3D visualization and streamlined online contractual
processes, a momentum further accelerated by the aftermath of the Coronavirus Disease
2019 (COVID-19) pandemic. Amidst this transformative landscape, artificial intelligence
emerges as a vital force, addressing consumer needs by harnessing data analytics for
predicting and monitoring rental prices. While studies have demonstrated the efficacy of
machine learning (ML) algorithms such as decision trees and neural networks in predicting
house prices, there is a lack of research specifically focused on rental property prices, a
significant sector in Brazil due to the prohibitive costs associated with property acquisition.
This study fills this crucial gap by delving into the intricacies of rental pricing, using data
from the city of São Carlos-SP, Brazil. The research aims to analyze, model, and predict
rental prices, employing an approach that incorporates diverse ML models. Through this
analysis, our work showcases the potential of ML algorithms in accurately predicting rental
house prices. Moreover, it envisions the practical application of this research with the
development of a user-friendly website. This platform could revolutionize the renting
experience, empowering both tenants and real estate agencies with the ability to estimate
rental values based on specific property attributes and have access to its statistics.

Keywords: machine learning; statistics; artificial intelligence; real estate leasing; rental
price

1. Introduction
The real estate market is a cornerstone of economic growth and societal development,

consistently adapting to evolving trends and challenges. The COVID-19 pandemic, while
initially causing a slowdown in growth [1], catalyzed significant transformations in the
sector, most notably the adoption of digital technologies. These innovations, such as 3D
property visualization and seamless online contractual processes [2], have redefined how
tenants and landlords interact, removing geographical barriers and enabling data-driven
decision making in unprecedented ways.
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Within this dynamic landscape, artificial intelligence (AI) and machine learning (ML)
have emerged as indispensable tools. By enabling the precise collection and analysis of
consumer and market data, AI facilitates the prediction of property values, empowering
stakeholders across the real estate ecosystem. While extensive research has demonstrated
the effectiveness of statistical and ML techniques in predicting property sale prices [3,4],
rental markets, particularly in developing economies like Brazil, remain underexplored.
This gap is critical given the growing emphasis on rental housing as a viable alternative to
property ownership, driven by economic factors such as high interest rates and changing
consumer preferences [5].

Focusing on the Brazilian city of São Carlos-SP—a hub of academic activity and a
microcosm of diverse rental demands—this study addresses the pressing need for rental
price estimation tools. São Carlos is uniquely positioned as a case study, given its demo-
graphic mix of students, professionals, and families, coupled with its robust real estate
dynamics. By leveraging advanced statistical and ML models, this research aims to develop
a comprehensive framework to analyze and predict rental prices. A user-friendly web
platform is proposed to democratize access to these insights, empowering tenants and
landlords alike with actionable, data-driven knowledge. By transcending geographical
barriers and national borders and making renting properties a seamless experience for
all, the website aims not only to offer accurate rental value estimates but also to provide
valuable statistical insights.

This dual focus on academic contribution and practical application underscores the
transformative potential of this study. It enriches the literature by addressing method-
ological gaps in rental market analysis, particularly in the application of ML to this sector.
For practitioners, the study introduces innovative tools to optimize decision making, foster
transparency, and promote fairness in rental transactions. By bridging the gap between
research and practice, this work aspires to contribute to a more efficient, equitable, and ac-
cessible rental market.

This paper is structured as follows: the “Literature Review” section analyzes prior
studies on ML applications in real estate, emphasizing the gaps that this research seeks
to fill. The “Materials and Methods” section details the data collection and analytical
approach employed. The “Results and Analysis” section presents findings, emphasizing
their practical implications. Finally, the “Conclusions” section synthesizes key insights,
discusses broader impacts, and outlines pathways for future research and development.

2. Literature Review
Given its economic and social significance, the real estate sector has been the subject of

studies and analyses by experts [6–9]. In Brazil, this sector possesses unique characteristics
and specific challenges arising from public policies, such as the Minha Casa Minha Vida
program [10], for instance. However, parallels can be drawn with the real estate market in
the United States [11]. A central feature of the real estate market is its volatility. Economic
fluctuations, government policies, changes in financing conditions, and real estate cycles
can impact property prices and demand. A prime example of this was the changes in
property values during the COVID-19 pandemic [1]. Additionally, regulatory aspects, such
as urban legislation and zoning regulations, can directly influence market development.
Therefore, to make informed decisions and seize the opportunities offered by this sector, it
is important to monitor and analyze both sale and rental prices.

Historically, property price prediction relied primarily on regression models, particu-
larly the hedonic regression approach [12,13]. While these models laid a strong foundation
for understanding property value determinants, the emergence of machine learning (ML)
techniques has significantly enhanced predictive accuracy, enabling the capture of com-
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plex, non-linear relationships inherent in real estate markets [14]. For instance, random
forests have been successfully applied to predict apartment prices in Ljubljana, Slovenia,
demonstrating their effectiveness in handling diverse property attributes [15]. Similarly,
decision trees have been employed to explore the relationship between house prices and
their characteristics, yielding reliable predictions [16]. Advanced ML models, including
artificial neural networks, support vector regression (SVR), and XGBoost, have emerged
as some of the most effective tools for property price prediction, further illustrating the
transformative impact of these techniques on the field [17].

The real estate market in São Carlos, a city located in the state of São Paulo, Brazil, is a
constantly expanding market, featuring characteristics that make it an excellent source of
data, and has been the subject of several studies over the years. The author in [18] applied
statistical techniques to a dataset of urban plots in the city of São Carlos in 2005, estimating
an empirical function of land value. She explored the class of models, including linear
models, generalized linear models, and generalized additive models for location, scale,
and shape (GAMLSSs). Considering the existence of two types of real estate prices—the
sold (observed) and the advertised (censored)—her thesis also proposed the use of survival
analysis, considering left-censoring and GAMLSSs in the parameter estimation process.
Additionally, she conducted a simulation study and a local influence study. Also applying
statistical techniques, the work of [19] proposes a representative regression equation for
determining the market value of urban lots in the municipality of São Carlos, also in
the year 2005, using standard linear models (normal errors and constant variance). The
study in [20] focuses on a social analysis, where the authors explore the impacts of the
Minha Casa Minha Vida program in São Carlos, discussing the real estate market and
social inequalities. Lastly, [21] seeks to understand students as social agents driving the
growth of the real estate market. The study also analyzes the spatial influences of real estate
agents and their implemented actions to meet this demand. Such studies demonstrate
the importance of the real estate market in São Carlos, which offers a diverse range of
properties, from residential apartments and houses to commercial and industrial properties.
The city is home to renowned companies and educational institutions such as the University
of São Paulo (USP) and the Federal University of São Carlos (UFSCar), attracting a varied
demand for properties. The presence of these two major universities results in a significant
influx of tenants every year, which makes the city an excellent case study.

3. Materials and Methods
The real estate data used in this study were obtained from the website of São Carlos’

largest real estate agency, Imobiliária Cardinali [22], as it boasts the highest number of
properties available for rent. While the website provides continuously updated data,
the dataset utilized in this manuscript corresponds to a specific period from December 2022
up to February 2023. The website is publicly accessible and offers various parameters for
selection, such as whether the property is for rent or sale, neighborhoods, and minimum and
maximum values, among others. Given the available information, the following property
characteristics will be used as predictor variables in our database: Type (“Apartment” or
“House”), Bedrooms (number of bedrooms), Bathrooms (number of bathrooms), Garages
(number of parking spaces), Neighborhood (property location), Suites (number of suites),
and Furnished (“Yes” or “No”, depending on whether the property is furnished or not). Once
the information to be stored in our database is defined, web scraping is performed using the
packages requests version 2.31.0 [23] and Beautiful Soup version 4.12.3 [24]. The former
is a Python library that provides a simple and convenient way to make HyperText Transfer
Protocol (HTTP) requests. It allows for sending HTTP requests to web servers and receiving
responses, whether for retrieving information, sending data, or interacting with application
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programming interfaces (APIs). Moreover, it simplifies complex tasks related to web
service interactions, such as authentication, cookie handling, and parameter and header
submission, among others. On the other hand, Beautiful Soup is a Python library used to
extract information from HyperText Markup Language (HTML) and eXtensible Markup
Language (XML) documents. It provides a simple and intuitive interface for parsing and
manipulating the content of webpages, making it easier to extract specific data from a
site. However, a basic understanding of Python is necessary to effectively utilize these
capabilities. With Beautiful Soup, we can locate, filter, and access specific elements using
Cascading Style Sheets (CSS) selectors and search methods. Once the desired data are found,
they facilitate the extraction of text and attributes. After the web scraping is completed,
the final data frame consists of 1166 rows and 8 columns, of which 3 are categorical (Type,
Neighborhood, and Furnished), 4 are numerical (Bedrooms, Bathrooms, Garages, and Suites),
and 1 is the output variable, represented in the column Rent_value.

We implemented the ML models using the ScikitLearn library version 1.2.1 from
Python [25], which provides a comprehensive suite of tools for data preprocessing, model-
ing, and evaluation. During data preparation, the dataset was randomly split into training
and testing sets, with 80% allocated for training and 20% for testing. To encode categorical
data into suitable numerical representations for ML algorithms, we created a customized
transformation pipeline. This pipeline applied OneHotEncoder to categorical variables and
StandardScaler to numerical variables, ensuring that both types of data were appropriately
transformed for analysis.

For model selection, we defined commonly used regression models available in
ScikitLearn, including LinearRegression(), SVR(), RandomForestRegressor(), XGBRegressor(),
KNeighborsRegressor(), and MLPRegressor(). Each model was optimized using a grid search
approach to identify the best hyperparameters. Specifically, we utilized GridSearchCV,
which performs an exhaustive search over specified hyperparameter combinations using
k-fold cross-validation (set to 5 folds in this study). The coefficient of determination (R2)
was chosen as the scoring metric for evaluating model performance. Importantly, this grid
search and cross-validation workflow was applied to the data after they had undergone the
transformation pipeline, ensuring consistency and reproducibility. While GridSearchCV is a
robust method for hyperparameter tuning, alternative approaches like randomized search
or Bayesian optimization could also be employed depending on the specific requirements
of the task.

4. Results and Analysis
4.1. Exploratory Data Analysis

Exploratory data analysis plays a fundamental role in any data analysis project, re-
gardless of the domain or the purpose of the study. It involves the initial exploration and
understanding of data before conducting more advanced analyses or statistical modeling.
In the current project, this analysis allows for the examination of potential patterns, trends,
and relationships among the variables used and their connection to rental prices. It can be
carried out using grouping functions, which enable the data to be divided and summarized
based on specific categories or criteria to extract summarized information or perform spe-
cific calculations for distinct data groups. The results are plotted using the Python library
Matplotlib [26].

To understand the variables’ individual characteristics, we began with a univari-
ate analysis, followed by more advanced multivariate analyses to explore their inter-
relationships. Firstly, we examined the percentage of rental properties for each type.
Figure 1 shows that the number of apartments available is greater than that of houses
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(56.9% and 43.1%, respectively). This observation aligns with expectations for the city of
São Carlos, considering the increased verticalization of the city [27].

Figure 1. Percentage of each type of rental offered.

Regarding the other two categorical columns, namely Furnished and Neighborhood,
Figure 2 illustrates a greater number of furnished properties (728). In terms of neighbor-
hoods, Figure 3 presents the count for the top 20 neighborhoods with the highest number
of properties out of a total of 151 neighborhoods. Those neighborhoods not included in the
top 20 in terms of property count were grouped into the “Others” category solely for the
purpose of this analysis, which was a necessary step to simplify analysis and avoid overfit-
ting due to limited data for certain neighborhoods. While this approach may limit inference
for specific areas, it ensures the model’s stability and predictive accuracy. The Centro
(downtown) neighborhood has the most properties (138) for renting, indicating a higher
demand for housing in central areas, possibly due to proximity to amenities, workplaces,
or transportation hubs.

Figure 2. Count of “Yes” and “No” for the variable Furnished. The analysis reveals that the ma-
jority of properties (728) are categorized as “Yes” (furnished), while 438 are categorized as “No”
(not furnished).
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Figure 3. Count of variable Neighborhood, revealing the top 20 neighborhoods with the highest number
of property offers.

As for the numerical variables, Figure 4a presents the frequency for the Bedrooms
variable and shows the prevalence of properties with 1, 2, and 3 bedrooms, with an average
of 2.25 bedrooms per property, a minimum of 1 bedroom, and a maximum of 10. Figure 4b
displays the frequency for the Bathrooms variable, with the majority of properties having
1 bathroom. The average is 1.26 bathrooms per property, a minimum of 0 bathrooms
(studio apartments that are suites), and a maximum of 6 bathrooms. Regarding the Suites
variable, Figure 4c shows that properties with 0 suites are predominant, with an average of
0.54 suites per property, a minimum of 0, and a maximum of 6 suites. Figure 4d illustrates
the frequency for the Garages variable, with properties predominantly having 1 garage.
The average number of garages per property is 1.52, with a minimum of 0 garages and a
maximum of 20.

We now proceed to a statistical approach involving the simultaneous analysis of
two inter-related variables, exploring the relationship between rental prices and predictor
variables. Analyzing the average rental price versus the type of property (Figure 5), it is
noted that houses have a higher value, often due to their larger total area. Additionally,
the city has a significant supply of small apartments geared toward students, contributing
to a lower average rental value for this type of property. Concerning the Bedrooms variable,
it is expected that a higher number of bedrooms will correspond to a higher rental value.
Figure 6a shows that this trend holds, but, for a very high number of bedrooms, such as
6 and 8, the trend is broken. However, it is observed that, in these cases, there are a few
representative properties for these numbers (5 and 1 properties, respectively), which were
not excluded.
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Figure 4. Histogram of variables: (a) Bedrooms, (b) Bathrooms, (c) Suites, and (d) Garages.

Figure 5. Average rental value in Brazilian reais (R$) by property type: apartment (green) and house
(orange).

For the Suites variable, the same positive correlation with the rental value is expected.
Figure 6b confirms this trend, except for the value of 5 suites, where, again, there is only one
property with this number of suites. As for the Bathrooms variable, the positive correlation is
confirmed for all values, as shown in Figure 6c. The presence of properties with 0 bathrooms
indicates that the apartment only contains a suite. Analyzing the average rental value for
the Furnished variable, there is a difference, albeit not very large, between the value for
furnished and unfurnished properties, with the former having a higher average value of
BRL 2127.74, as shown in Figure 6d. This is also expected, as the inclusion of furniture
enhances the property and increases the rental value.
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Figure 6. Average rental value for the variables: (a) Bedrooms, (b) Suites, (c) Bathrooms, and
(d) Furnished.

Another interesting observation that can be made is the relationship between the
average rental value and the neighborhoods that stand out in the city, especially those
around the USP campus and near the city center, as well as the city center itself, and new
neighborhoods containing only houses, such as Parque Faber Castell [28]. Figure 7a shows
how the average rental value varies across these neighborhoods. We can observe higher
values in the city center (Centro neighborhood), a trend common in all cities, and in newer
neighborhoods that exclusively have houses, such as Parque Faber Castell I, which exhibits
the highest value since it is a well-located neighborhood with houses whose total area
is larger than the average. Figure 7b shows a map centered around the USP campus
(highlighted in green) and the concentration of high rental values in the neighborhoods
near the campus, such as Cidade Jardim, Jardim Lutfalla, Jardim Paraíso, Jardim Santa
Paula, and Parque Arnold Schimidt. In addition, all the highlighted neighborhoods are as
far as up to 5 km from the USP campus.

Figure 7. (a) Average rental value for the variable Neighborhood, for neighborhoods with high counts
of properties for rental and (b) their geographical distribution centered around the USP campus
(green rectangle).

Now, if we turn our attention to the distribution of rental values, we can observe
that the data are asymmetric and have a high variation, with values ranging from BRL
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367 to BRL 16,667 (see Figure 8a). Additionally, the distribution deviates from the normal
distribution, as shown in Figure 8b, where the red line represents the latter.

One way to reduce the range of values, decreasing the influence of extreme values,
and to approach the distribution to a normal distribution is to apply a logarithmic transfor-
mation to the data, specifically the log1p transformation, given by

y = log(1 + x), (1)

where y is the transformed variable and x is the variable to be transformed. Applying this
transformation to the data, we obtain Figure 9. It can be observed that the distribution is
closer to normal, and the probability plot shows points closer to the red line. We will use
these transformed data in the models, aiming to achieve better results.

Figure 8. (a) Rental value distribution and (b) probability plot, showing the asymmetry and high
variation in values, indicating deviation from the normal distribution.

Figure 9. (a) Distribution of rental values transformed according to Equation (1), and (b) probability
plot of the transformed data, indicating a closer approximation to the normal distribution.

4.2. ML Models, Metrics, and Best Model

The XGBRegressor model achieved the best results given the metrics used, which
were mean absolute error (MAE), mean squared error (MSE), root mean squared error
(RMSE), and R2. These values are shown in Table 1, while Figure 10a shows the plot of
predicted values versus actual values for the transformed data according to Equation (1),
and Figure 10b shows the same plot but for the data with values in BRL (obtained by
applying the inverse of Equation (1), which restores the original dataset). The R2 value
indicates that 74% of the variability in the Rent_value variable is explained by the predictor
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variables, highlighting the model’s effectiveness in capturing the relationships within
the data.

Figure 10. (a) Distribution of rental values transformed according to Equation (1), and (b) test values
of the original dataset versus the predicted values in reais (R$).

Table 1. Metrics values calculated for the best model XGBRegressor, for the data transformed by
Equation (1) and for the data in BRL.

Metric Transformed Value Value in BRL

MAE 0.24 517.77
MSE 0.10 910,429.47
RMSE 0.32 954.16
R2 0.79 0.74

XGBoost was selected due to its superior ability to handle non-linear relationships
and interactions among variables, which are inherent in real estate datasets. Factors such as
the number of bedrooms, proximity to amenities, and neighborhood characteristics often
interact in complex ways, and these patterns are not adequately captured by simpler models
like linear regression. XGBoost’s gradient boosting framework allows it to iteratively
improve predictive accuracy by combining weak learners and capturing intricate patterns
that simpler approaches miss. Additionally, its regularization techniques help to mitigate
the impact of outliers, making the model more robust in scenarios involving premium or
unusually low-priced properties.

The logarithmic transformation applied to the rental value data was instrumental in
addressing the skewness of the original dataset. This step normalized the distribution,
stabilized the variance, and improved the model’s ability to generate accurate predictions
across a wide range of rental values. However, despite these improvements, the model
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exhibited higher error rates for properties with exceptionally high rental values. These
discrepancies are attributable to the limited representation of such properties in the dataset,
as well as the inherent complexity of modeling extreme cases in real estate markets.

Despite these challenges, the calculated MAE of approximately BRL 518.00 is reason-
able given the average rent value and the volatile nature of real estate markets. Economic
conditions, seasonality, and localized market trends introduce variability that no model can
fully eliminate. By leveraging XGBoost, we were able to provide a valuable decision-making
tool that identifies critical property features that influence rental prices. While not per-
fectly accurate, the model’s predictions offer actionable insights for tenants and landlords,
enhancing their ability to make informed decisions in a dynamic and competitive market.

4.3. Statistical Analysis Using OLS

The statistics provided by the ordinary least squares (OLS) method offer valuable
insights into the relationships between variables in the dataset. OLS is a foundational
statistical technique widely used in regression analysis, independent of any specific imple-
mentation or programming language. In this study, we utilized the statsmodels library
(version 0.13) [29], a Python-based tool, to perform the OLS analysis. This library was
chosen for its user-friendly interface and comprehensive suite of statistical features, which
facilitated model fitting and result interpretation. While statsmodels was employed as the
computational framework, the theoretical basis and statistical properties of the OLS method
remain universally applicable, independent of the software used. Our analysis leverages
this implementation to calculate key statistics, such as coefficients, p-values, and confidence
intervals, which are crucial for understanding the significance and impact of predictor
variables in the regression model.

Table 2 shows the result of the OLS method and provides a comprehensive overview of
the model’s performance in predicting rental values, presenting the most relevant results to
analyze the performance of the method, focusing on the relative importance of the predictor
variables. The model achieved an R-squared value of 0.711, which is very close to that
obtained using the XGBRegressor model. The adjusted R-squared value, which accounts
for the number of predictors in the model, is slightly lower at 0.666, suggesting a moderate
degree of explanatory power after adjusting for potential overfitting. The F-statistic of 15.92,
coupled with a highly significant p-value (Prob > F-statistic = 1.08 × 10−186), confirms that
the model is statistically significant, implying that at least one of the predictor variables is
meaningfully contributing to the prediction of rental values. However, the relatively low
log-likelihood value of −9635.1, along with AIC (1.958 × 104) and BIC (2.038 × 104) scores,
indicates that while the model fits the data reasonably well, there may still be room for
improvement, potentially through the inclusion of additional variables or the application
of more sophisticated modeling techniques. Overall, these results suggest that the OLS
model is a useful tool for understanding the factors influencing rental prices, but further
refinement could enhance its predictive accuracy.

Table 2. OLS regression results.

Dep. Variable: Rent_value R-squared: 0.711
Model: OLS Adj. R-squared: 0.666
Method: Least Squares F-statistic: 15.92
No. Observations: 1166 Prob (F-statistic): 1.08 × 10−186

Df Residuals: 1009 Log-Likelihood: −9635.1
Df Model: 156 AIC: 1.958 × 104

Covariance Type: nonrobust BIC: 2.038 × 104
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We can further evaluate the predictor variables by examining the OLS-estimated
coefficients, as presented in Table 3 for variables such as Furnished (“Yes”), Bedrooms,
Bathrooms, Garages, and Suites. The primary focus here is on the “P > |t|” column, which
reports the p-values, and the confidence intervals (“[0.025” and “0.975]”). The p-value
indicates the statistical significance of each predictor in relation to the dependent variable,
testing the null hypothesis that the coefficient of the variable is zero. In the case of the
variables in Table 3, the p-values are effectively zero, underscoring their strong relevance in
predicting rental values.

Table 3. OLS regression coefficients for the predictor variables Furnished (“Yes”), Bedrooms, Bathrooms,
Garages, and Suites.

coef std err t P > |t| [0.025, 0.975]

Furnished[T.Sim] 258.4720 68.272 3.786 0.000 [124.501, 392.443]
Bedrooms 386.1371 44.553 8.667 0.000 [298.709, 473.565]
Bathrooms 415.9925 53.066 7.839 0.000 [311.860, 520.125]
Garages 160.3343 26.629 6.021 0.000 [108.079, 212.589]
Suites 522.3489 53.845 9.701 0.000 [416.689, 628.009]

The columns “[0.025” and “0.975]” indicate the confidence interval for the calculated
coefficients. In this case, we notice that none of the intervals contain zero, confirming the
importance of the variables in the model.

We also found that some neighborhoods, such as Vila Carmem and Vila Conceição
(Table 4), do not contribute to price estimation as, per the OLS results, their p-values are
high (>0.05), and their confidence intervals are wide and include zero, indicating that
they could be excluded from the model. However, it was found that excluding such
neighborhoods did not significantly alter the metrics, and the decision was made to keep
them so that, when using the website, the user has all the offered neighborhood options to
choose from.

Table 4. OLS regression coefficients for neighborhoods.

coef std err t P > |t| [0.025, 0.975]

Neighborhood[T.Vila Carmem] 352.2406 680.464 0.518 0.605 [−983.045, 1687.527]
Neighborhood[T.Vila Celina] 1248.5893 566.906 2.202 0.028 [136.139, 2361.040]
Neighborhood[T.Vila Conceição] 162.8175 1106.468 0.147 0.883 [−2000.424, 2334.059]

The XGBRegressor model demonstrated superior performance compared to the OLS
model, especially when considering error metrics. The XGBRegressor achieved an R-
squared value of 0.74, while the OLS model obtained an R-squared value of 0.711, which is
slightly lower. The OLS model is also more susceptible to rigid linear assumptions, which
may not capture all the nuances of complex real estate market data. Furthermore, while
the OLS model is useful for identifying the statistical significance of predictor variables
and providing clear statistical inferences, the XGBRegressor is more effective for practical
predictions of rental values due to its ability to model nonlinear relationships and complex
interactions between variables.

4.4. Website Creation and Operation

In order to have a website that displays the predicted rental prices of properties, it is
first necessary to build an API that facilitates the exchange of information between what
the user selects on the website and what the model predicts for those variables. To create
the API, we will use the Flask web framework version 2.2.3, which enables the efficient and
customized development of web applications. The website code is hosted at the GitHub
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webpage https://github.com/sancasa/Smart_Renting (accessed on 20 January 2025) and
can be run according to the instructions in the same page. A version of the website in
Brazilian Portuguese is also available. Its operation is quite intuitive. The user is prompted
to choose the property specifications, and the options include the following (see Figure 11):

• Type: choose between “House” and “Apartment”;
• Bedrooms, Bathrooms, Garages, and Suites: the user can input the desired number or

click the up and down arrows until the desired number is reached;
• Neighborhood: choose among all the displayed neighborhoods;
• Furnished: choose between “Yes” and “No”.

Figure 11. Website displaying the options from which the user must select the property specifications.

All choices are mandatory, and if the user forgets or fails to fill in any of the fields,
a message is displayed. In cases where a categorical variable is not filled, the message
“Select an item from the list” appears, and, for a numerical variable, the message “Fill in
this field” is displayed. Once the property characteristics are chosen, the user can click
the “Calculate” button, and the website will provide the predicted value by the model,
as shown in Figure 12. At any time, the user can choose to clear the selection by clicking
the “Clear” button. The website also includes a Statistics section (see Figure 13), featuring
some of the statistics shown above, which allows the user to obtain information about the
average rental value based on different variables.

Figure 12. Website displaying the value based on the property characteristics chosen. We notice the
agreement between the model prediction and the statistics, as the choice of a house with 3 bedrooms,
2 bathrooms, 1 garage, in the downtown neighborhood, with 1 suite, and furnished yields a high
rent value.

https://github.com/sancasa/Smart_Renting
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Figure 13. Statistics section of the website, where the user can access average rental values as
functions of the variables.

5. Conclusions
The chosen ML model, XGBRegressor, is a model with a recognized performance,

as shown in the “Results and Analysis” section. In the case of the data used here, the model
resulted in metrics with good values, such as R2 = 0.74, although the MAE was BRL 518.00,
which is a reasonable error when informing the user about a potential rental value. Thus,
an enrichment of this project would involve improving the metric values, either through
a more in-depth search for the best hyperparameters of the models or by enhancing the
database. The latter can be carried out in various ways, such as increasing the database by
obtaining data from other real estate agencies in the city.

Beyond the technical achievements, this research offers a practical contribution
through the development of a user-friendly web platform. By simplifying the rental
decision-making process, the platform empowers tenants with reliable, data-driven insights
and equips real estate agents with tools for transparent and informed pricing strategies.
Further improvements, such as integrating interactive maps and conducting A/B testing,
could optimize the platform’s usability and engagement, ensuring a seamless experience
for users while addressing the needs of a competitive rental market.

This study provides a valuable methodological framework for applying ML in real es-
tate, particularly in the underexplored rental sector. The integration of advanced predictive
models and statistical analyses lays the foundation for future research, offering insights
that extend beyond São Carlos-SP to other cities and regions. By bridging the gap between
research and real-world application, the study advances academic discourse on predictive
analytics while addressing tangible challenges in urban housing markets.

The platform proposed fosters transparency and efficiency, empowering tenants with
actionable rental insights and aiding landlords in aligning their pricing strategies with
market realities. As the platform scales to other urban contexts, it could serve as a transfor-
mative tool for fostering equitable rental practices and reducing information asymmetry
between stakeholders.

Addressing the scope of this study, we acknowledge the limitations posed by the
dataset, which focuses on a specific location and time period. Expanding the dataset
to include additional locations and longer timeframes would undoubtedly enhance the
generalizability and robustness of the results. However, logistical and temporal constraints
have precluded such an expansion within this publication. Future research will aim to
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address this limitation by incorporating broader datasets that capture more diverse urban
dynamics, ensuring that the findings remain applicable across varying real estate markets.

Looking ahead, the potential for expanding this approach to other cities is vast. By tai-
loring ML models to the unique characteristics of local real estate markets, the platform
could offer tenants a deeper understanding of rental trends, identify affordable housing
options, and promote accessibility. For policymakers and urban planners, the aggre-
gated insights from such platforms could inform housing policies and foster sustainable
urban development.

This study underscores the transformative potential of integrating AI and ML into
real estate analytics, bridging the divide between academic innovation and practical utility.
By doing so, it paves the way for a more equitable, efficient, and transparent rental market,
ultimately improving the rental experience for all stakeholders involved.
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The following abbreviations are used in this manuscript:

3D Three Dimensions
API Application Programming Interface
COVID-19 Corona Virus Disease 2019
CSS Cascading Style Sheets
EUA United States of America
GAMLSSs Generalized Additive Models for Location, Scale and Shape
HTML HyperText Markup Language
HTTP HyperText Transfer Protocol
IBGE Brazilian Institute of Geography and Statistics
JS JavaScript
KNNs K-Nearest Neighbors
MAE Mean Absolute Error
MSE Mean Squared Error
OLS Ordinary Least Squares
ReLU Rectified Linear Unit
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RMSE Root Mean Squared Error
SP São Paulo
SVM Support Vector Machine
SVR Support Vector Regression
UFSCar Federal University of São Carlos
URL Uniform Resource Locator
USP University of São Paulo
XGBoost Extreme Gradient Boosting
XML Extensible Markup Language
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