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Abstract. Currently, machine learning models have
gained relevance in various fields of application, with real
estate market price prediction being a key application for
both property sellers and potential buyers. This article
implements a machine learning workflow on a Bogota
real estate dataset, evaluating three classic models
(kNN, Decision Trees, and Logistic Regression) and two
ensemble methods (Random Forest and AdaBoost).
The CRISP-DM data mining methodology was adapted
into four phases: business and data understanding; data
preparation; modeling, and evaluation and deployment.
Using the Orange tool, the two ensemble models
achieved the best performance, with AdaBoost obtaining
the highest accuracy, precision, and recall scores
reaching a value of 0.720. Property type and number of
rooms were identified as the most relevant attributes.
This study serves as a reference for the real estate
sector, providing a decision-making tool based on
current market evidence and machine
learning techniques.

Keywords. Real estate market, visual orange, price
estimation, ensemble methods, machine learning.

1 Introduction

The real estate market faces significant challenges
in accurately estimating property prices due to the
variability of factors influencing a property's value,
such as location, physical characteristics, market
conditions, and economic trends (Adetunji et al.,
2022). In this context, machine learning models

provide notable advantages, enabling buyers and
sellers to obtain more accurate and well-informed
estimates (Wang et al.,, 2021). Thus, one of the
most widely used approaches in machine learning
is supervised learning, a technique that utilizes
labeled data to train models capable of predicting
or classifying new data (Aguilar et al., 2018; Laura
Ochoa et al., 2017; Suthaharan, 2016).

These models can analyze vast amounts of
data, identifying complex patterns that traditional
methods cannot capture, resulting in more precise
and reliable price predictions (Rizun & Baj-
Rogowska, 2021).

In this regard, manual real estate valuations
often lack a solid data basis and are not updated
as quickly, whereas machine learning models
provide more precise estimations based on current
market evidence (Guijarro Martinez, 2023).

In addition to the above, these models are
capable of processing a wide range of variables
and factors that can affect property prices, allowing
for more complete and holistic models compared
to traditional methods. (Solano Sanchez et
al.,, 2021).

The predictive capabilities of these models are
crucial for informed decision-making among real
estate investors, buyers, and sellers (Kang et al.,
2021). Thus, the implementation of these models
enables a faster and more cost-effective valuation
of real estate properties, proving highly useful for
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stakeholders (Choy & Ho, 2023). For buyers, this
means being able to make more informed
purchasing decisions that align with their needs
and budgets. For sellers, it involves setting
competitive prices in line with market conditions,
optimizing both sales time and return on
investment. The importance of developing
machine learning studies in this field is particularly
significant, given the widespread availability of
open datasets and tools that facilitate the
implementation of these models (zZhan et al.,
2023). This promotes innovation and continuous
improvement in real estate valuation
methodologies, contributing to a more transparent
and efficient market.

Recent advances in the application of machine
learning to the real estate market have led to
significant improvements in price prediction
models. (Adetuniji et al., 2022) employed Random
Forest algorithms to predict house prices,
achieving notable accuracy improvements by
selecting relevant property attributes from
structured datasets. Similarly, (Wang et al., 2021)
proposed a deep learning approach based on
heterogeneous data analysis and joint self-
attention mechanisms, enhancing predictive
performance when combining various property and
market features.

In another study, (Suthaharan, 2016) analyzed
the predictive power of web search queries for
forecasting price trends in the real estate market,
demonstrating the effectiveness of integrating
external unstructured data sources. (Zhan et al.,
2023) presented a hybrid machine learning
framework that combined multiple algorithms to
forecast house prices more reliably, indicating that
ensemble and hybrid models generally outperform
individual classical models.

These studies underline the importance of
selecting  appropriate  variables, adopting
ensemble learning techniques, and integrating
external data sources for improving the predictive
accuracy of real estate valuation models. In
contrast to previous works, the present study
focuses on the use of classical supervised learning
algorithms and ensemble methods (Random
Forest and AdaBoost) applied specifically to
structured data from the Bogota real estate market,
leveraging the Orange visual programming tool for
workflow deployment and evaluation.
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This study explores and characterizes the
dataset corresponding to the Bogota real estate
market obtained from the Kaggle portal, aiming to
identify the factors that directly influence property
valuation. Building on these factors and utilizing
the Orange visual programming tool for machine
learning, various classic and ensemble supervised
learning models (kKNN, Logistic Regression,
Decision Trees, Random Forest, and AdaBoost)
were evaluated to assess their fitting and
classification capability for real estate prices
(expensive, cheap, and moderate).

The inclusion of ensemble models is justified by
the fact that these methods represent an evolution
of classical machine learning approaches, as they
address the limitations of individual models by
combining them to improve performance and
robustness (Pintelas & Livieris, 2020; Sagi &
Rokach, 2018). The Orange tool was selected
considering its various advantages in the visual
creation of machine learning workflows, allowing
for the straightforward construction of complex
data processing pipelines through an intuitive
graphical interface designed for both novice and
expert users (DemsSar et al., 2004; Dobesova,
2024; Reena Thakur, 2023).

The developed work aims to support decision-
making for both buyers and sellers regarding the
appropriate price at which they can purchase or
sell a property in Bogota. The approach used in
this article, based on ensemble methods, can be
extrapolated to datasets from other cities,
considering similar property-related variables.
Additionally, incorporating new economic variables
could further enhance the model's accuracy,
providing more comprehensive insights into real
estate valuation.

The remainder of the article is organized as
follows: Section 2 presents the methodological
phases considered for the development of this
research. Section 3 presents the results obtained
in this study, including the identification of the
factors that have the greatest influence on real
estate price classification. This section also
includes the deployment of the machine learning
workflow and the evaluation of the fitting capability
of the deployed models. Finally, Section 4 presents
the conclusions and future work derived from
this research.
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Fig. 1. Considered methodology

Table 1. Description of dataset attributes

Attribute Description

Type The type of property, which can be
apartment, house, office, local, lot,
warehouse, etc.

Description A brief description of the property.

Rooms The number of rooms in the property.
Bathrooms  The number of bathrooms in the property.
Area The size of the area in square meters of the
property.
Neighborhoo The name of the neighborhood where the
d property is located.
uUpPz The Zoning Planning Unit where the property
is located.
Value The value of the property in Colombian
pesos.
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Fig. 2. Checking missing values of the dataset

2 Methodology

For the development of this study, an adaptation of
the CRISP-DM data science project methodology
(Calvillo et al., 2016; Herawati et al., 2024; Lundén
et al.,, 2023; Martinez-Plumed et al., 2021) was
applied, defining four phases: P1. Business and
data understanding, P2. Data preparation, P3.
Modeling, and P4. Evaluation and deployment (see
Fig. 1). Although the CRISP-DM methodology
originally includes six phases, in this study an
adaptation was applied considering only four. The
phases related to Deployment and Maintenance
were excluded, as the scope of the project focused
on exploratory data analysis and model evaluation
within an academic research context, without the
need for operational deployment in a
production environment.

In phase 1 of the methodology, the real estate
dataset for the city of Bogota was obtained from
the Kaggle website using the developer key
provided by the portal, ensuring that the dataset
can be automatically updated if any changes are
made by the dataset creator. Additionally, the
dataset was characterized and described. This
dataset, by default, contains a total of 9,520
instances or records, each with 8 attributes or
columns, which are detailed in Table 1.

Following the dataset loading, the data
preparation phase involved data cleaning. This
included removing the “Description” and “UPZ”
attributes, as they contain information that is
already included in the “Barrio” (Neighborhood)
and “Tipo” (Type) attributes, making them
redundant. The elimination of these columns is
critical to ensure the dataset's efficiency by
reducing redundancy, which can lead to
unnecessary computational overhead and storage
inefficiency.  Additionally, removing textual
attributes like “Description” streamlines data
analysis, as these columns often introduce noise
and complexity, especially when they do not
contribute new, unigue insights. This process was
effectively executed using Python's Pandas library,
which offers powerful, efficient methods for data
manipulation and transformation, enabling a
cleaner and more concise dataset for
subsequent analysis.

After converting the “Valor” attribute to numeric
format, an inspection was performed to check if
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Table 2. Description of dataset attributes

Id Attribute Data type
1 Type Categorical
2 Rooms Numerical
3 Bathrooms Numerical
4 Area Numerical
5 Price_Category Categorical
Type Rooms Bathrooms Area Price_category
0 Apartamento 0.018349 0.222222 0.000409 Moderate
1 Casa 0.027523 0.333333 0.001011 Moderate
2 Apartamento 0.018349  0.333333 0.000854 Expensive
3 Apartamento 0.018349 0.222222 0.000914 Expensive
4 Apartamento 0.009174 0.333333 0.000758 Expensive

Fig. 3. Dataset obtained after the coding and scaling
process

any of the attributes contained NA (Not Available)
values. The results showed that none of the
attributes had missing values, as illustrated in
Figure 2. Therefore, it was not necessary to apply
any imputation methods, as the dataset
was complete.

After determining that imputation processes
were not necessary for the dataset, the next step
was the generation of the "Value_Dollars" and
"Price_per_m2" columns, which were essential for
deriving the classification predictor attribute, given
that the default dataset was originally configured
for regression tasks. In this process, the
"Value_Dollars" column represents the property
price in dollars and was obtained by dividing the
"Value" column by the current exchange rate of the
dollar. Similarly, the "Price_per_m2" column was
calculated by dividing the "Value_Dollars" column
by the "Area" column, ensuring a standardized
measure of price per square meter.

For the creation of the predictor attribute
"Price_category", the "Price_per_m2" attribute was
used as a reference, categorizing its values into
three levels: "Cheap", "Moderate", and
"Expensive" based on the 33rd and 66th
percentiles, leveraging the capabilities provided by
the pandas library in Python. It is important to note
that since the "Value", "Value_Dollars", and
"Price_per_m2" columns were used to derive the
predictor attribute "Price_category", maintaining a
directly proportional relationship, they were not
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included in the final dataset for model fitting.
Additionally, the "Rooms", "Bathrooms", and
"Area" variables were normalized to ensure they
shared the same numerical scale and did not affect
the predictive capacity of the models. Thus, Table
2 presents the attributes considered for dataset
construction along with their data types. It is also
worth mentioning that the "Neighborhood" attribute
was excluded, as it contains a large number of
categories, and the tool used for deploying the
machine learning workflow only supports attributes
with a maximum of 16 categories.

In accordance with the above, the resulting
dataset with the attributes listed in Table 2 is
presented in Fig. 3.

The final dataset used for model training
included the following attributes: Type, Rooms,
Bathrooms, and Area. The Price_Category
attribute was used as the target variable for
classification. These selected variables, after data
preparation and feature selection, were utilized for
fitting all supervised learning models evaluated in
this study.

After categorizing the predictor attribute and
normalizing the numerical attributes, the next step
was to identify the variables with the greatest
impact on classification using violin plots, box
plots, and information gain methods. This analysis
leveraged the "Violin Plot", "Box Plot", and "Rank"
components provided by the Orange visual
programming tool.

In Phase 3 of the methodology, once the most
relevant attributes were identified, the first step
was the complete deployment of the machine
learning workflow in the Orange tool. This process
included dataset loading, variable selection,
sampling through cross-validation, model training
using machine learning algorithms, and evaluation
based on the metrics derived from the
confusion matrix.

Finally, in Phase 4 of the methodology, the
metrics obtained for each model were compared
using the confusion matrix (accuracy, precision,
recall) to determine the model with the best fit for
the given dataset. It is important to note that for the
evaluation of these methods, cross-validation was
configured with 10 folds, meaning 10 iterations in
which the training and test sets were varied (1 fold
for testing and 9 folds for training). The cross-
validation approach was chosen considering that,
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Fig. 5. Distribution of property types across the
categories of the "Price_category" attribute
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Fig. 6. Box plot diagram of the "Bathrooms" attribute

although it is less computationally efficient, it
provides a more realistic and robust assessment of
model performance on new validation datasets
(Korjus et al.,, 2016; Mohr & van Rijn, 2023;
Qiu, 2024).

3 Results

Regarding the results obtained in this research and
based on the constructed dataset, the first step
was to analyze the distribution of the variables, as
well as the relationship between the dataset’s
numerical attributes ("Rooms", "Bathrooms", and
"Area") and the categorical variables ("Type" and
"Price_category"). Accordingly, Fig. 4 presents the
distribution of instances across each category of
the "Price_category" attribute.

From Fig. 4, it can be observed that the dataset
exhibits a comparable percentage of instances
across each category of the "Price_category"
attribute ("Cheap"”, "Expensive", and "Moderate"),
with the number of instances ranging between
3,142 and 3,236. This indicates that the dataset is
generally balanced, ensuring that the supervised
learning models are not biased toward selecting
one category over the others due to an imbalance
in the number of instances. In this regard,
traditional methods tend to classify the class with
the most instances more accurately, while classes
with fewer instances exhibit lower performance
(Beyan & Fisher, 2015).

Fig. 5 presents a diagram illustrating the
distribution of property types across each category
of the "Price category" attribute. It can be
observed that, although apartments are the
predominant property type in all three categories,
their number is significantly higher compared to
houses and other property types.

The difference between the number of
apartments and houses is most pronounced in the
"Expensive" and "Moderate" categories. It is worth
mentioning that both Fig. 4 and Fig. 5 were
generated using the Box Plot component for
categorical variables.

Now, when relating the "Bathrooms" attribute to
the predictor attribute "Price_category" using a box
plot, the resulting diagram is presented in Fig. 6.

In the diagram presented in Fig. 6, it can be
observed that as the property becomes more
expensive, the median number of
bathrooms increases. This is evident as the
median for properties in the "Cheap" category is
2.4, whereas for those in the "Expensive" category,
it rises to 2.6. The difference in medians is also
explained by the fact that the number of bathrooms
in "Cheap" properties ranges between 1 and 3,
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while in the other categories, it varies between 2
and 3.

Now, when relating the "Rooms" attribute to the
different categories of the predictor attribute
"Price_category", the resulting violin plot is
presented in Fig. 7.

The violin plot presented in Fig. 7 shows that
more expensive properties in the "Expensive"
category tend to have fewer rooms, whereas
properties in the "Moderate" category not only
have the highest median but also the largest
number of extreme values in room count.
Meanwhile, the "Cheap" category exhibits a more
concentrated distribution with some variability. This
suggests that "Expensive" properties may be more
influenced by factors such as location and luxury,
while "Moderate" properties encompass a wider
range of sizes, including those with a higher
number of rooms.

Now, when analyzing the relationship between
the "Area" attribute and each category of the
"Price_category" attribute using the diagram
generated by the “Mosaic Display” component, the
resulting graph is presented in Fig. 8.

According to the results presented in Fig. 8, it
can be observed that properties with an area
smaller than 57.5 square meters have a higher
proportion of listings in the "Cheap" category and a
lower proportion in the "Moderate" category. On
the other hand, for properties with an area between
80.5 and 136.5 square meters, the proportion of
"Cheap" properties decreases, while the presence
of "Moderate" and "Expensive" categories
increases. Additionally, for properties with an area
of 136.5 square meters or more, the proportion of
"Expensive" properties decreases compared to the
previous range, while the "Cheap" and "Moderate"
categories show a relative increase. This suggests
that, although property prices tend to rise with size,
larger properties do not exclusively belong to the
most expensive category, indicating the possible
influence of other factors, such as location and
construction quality, in price classification.

Now, to analyze the relationship between the
categories of the "Type" variable and the
categories of the "Price_category" variable, the
violin plot presented in Fig. 9 was generated using
the "Violin Plot" component in Orange.

From Fig. 9, it can be observed that apartments
exhibit the greatest dispersion in values, with some
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extreme cases of significantly high prices
compared to other property types. In contrast,
warehouses, lots, and farms show lower variability
and generally lower prices.

Additionally, in the case of buildings and
office/consulting spaces, prices per square meter
tend to be higher and display a more concentrated
distribution, indicating greater stability in these
segments. Meanwhile, commercial premises
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Fig. 9. Violin plot of the Type attribute categories in
relation to the Price_per_m2 attribute

# Gain ratio X ReliefF
1 Type 8 0.083 1051.323 0.002
2 Rooms 0.067 906.573 0.002
3 Bathrooms ‘ 0038 219.146 -0.000
4 [ Area ‘ 0038 178.963 0.000

Fig. 10. Application of information gain methods to the
dataset attributes

exhibit a more uniform distribution with moderate
price variability.

Overall, the graph suggests that property type
significantly influences price dispersion, with
apartments displaying the highest variability, while
lots and warehouses show more homogeneous
and lower values in terms of price per
square meter.

Now, when applying information gain methods:
(Gain Ratio, Chi-Square, and ReliefF) to the
dataset attributes, leveraging the advantages
provided by the Rank module in the Orange tool,
the results obtained are presented in Fig. 10.
Information gain methods are commonly used
techniques for feature selection in classification
models, helping to improve model accuracy and
reduce execution times (Kurniabudi et al., 2020;
Putra & Kadnyanana, 2021).

According to Fig. 10, it can be observed that
among the dataset attributes, “Type" and “Rooms”
have the greatest influence on property valuation
prediction. This is evident as these two attributes
consistently appear as the most relevant across all

three information gain methods applied. This
finding suggests that for property valuation
classification, the type of property and the number
of rooms are key attributes.

Now, to evaluate the fitting capability of the four
considered models (kNN, Logistic Regression,
Decision Trees, Random Forest, and AdaBoost)
the machine learning workflow was deployed using
the Orange visual programming tool, as presented
in Fig. 11.

In Fig. 11, the machine learning workflow
includes various processes, such as dataset
loading using the "File" component, data
visualization through the "Data Table" component,
and attribute selection, including the predictor
variable, using the "Select Columns" component.
Additionally, information gain methods and violin
plots were applied using the "Violin Plot" and
"Rank" components. The dataset was then
sampled using cross-validation through the "Data
Sampler" component, followed by model training
using the respective components for each
algorithm. The decision tree model output was
visualized using the "Tree Viewer" component,
while model validation was performed through the
"Test and Score"” component. Finally, the
confusion matrix was generated using the
"Confusion Matrix" component to assess
classification performance.

In the same context, Fig. 12 presents the results
obtained for the different models, which were
generated using the "Test and Score" component.

Based on the results presented in Fig. 12, it is
observed that in terms of the Accuracy (CA) metric,
the AdaBoost and Random Forest models achieve
the best performance, with values of 0.720 and
0.712, respectively. In contrast, Logistic
Regression exhibits the worst performance, with a
value of 0.514. Similarly, for the Precision and
Recall metrics, the best-performing models remain
AdaBoost and Random Forest, both with values of
0.720 and 0.712, respectively.

This indicates that these models not only
achieve a higher overall accuracy rate but also
maintain high precision and sensitivity in
classification. In comparison, the Decision Tree
model shows slightly lower values in these metrics
(0.691), while KNN and Logistic Regression display
the weakest performance, with Precision values of
0.656 and 0.498, and Recall values of 0.657 and
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Fig. 11. Machine learning workflow deployed in the
Orange tool

Model AUC CA F1 Prec  Recall
AdaBoost 0826 0720 0.720 0.720 0.720
Random Forest 0860 0.712 0.712 0.712 0.712
Tree 0842 0693 0691 0691 0693
kNN ‘ 0.804 0.657 0.656 0.656 0.657

Logistic Regression 0.726 0514 0471 0498 0.514

Fig. 12. Results obtained from the evaluation of the
different supervised learning models
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Fig. 13. Confusion matrix obtained for the

AdaBoost model

0.514, respectively. These results confirm that, in
terms of overall performance, AdaBoost and
Random Forest are the most effective and well-
balanced models for real estate valuation
classification.

Finally, Fig. 13 presents the confusion matrix
obtained from the evaluation of the
AdaBoost model.

According to the results presented in Fig. 13,
the AdaBoost model demonstrates better
performance in classifying properties within the

Computacion y Sistemas, Vol. 29, No. 4, 2025, pp. 2099-2109

doi: 10.13053/CyS-29-4-6104

"Cheap" and "Expensive" categories, achieving
accuracy rates of approximately 77%. In contrast,
for the "Moderate" category, the accuracy rate is
62%. Additionally, it can be observed that
misclassification errors in the "Cheap" and
"Expensive" categories are primarily due to
instances being misclassified as "Moderate".
Similarly, for misclassifications in the "Moderate"
category, the model tends to confuse these
instances with the "Expensive" category. Despite
these misclassifications, it is important to highlight
that the model achieves a classification accuracy
above 62% across all three categories.

Compared to recent studies, such as (Adetuniji
et al., 2022), who achieved an accuracy of 0.75
using Random Forest algorithms for house price
prediction, the ensemble models evaluated in this
study (AdaBoost and Random Forest) achieved
accuracy scores of 0.720 and 0.712, respectively.
Similarly, (Zhan et al., 2023) proposed a hybrid
machine learning framework that combined
multiple algorithms to improve house price
forecasting, reporting accuracy rates exceeding
0.76. Although our models exhibit slightly lower
accuracy, it is important to note that this study
focused solely on structured data from the Bogota
real estate market, without integrating
heterogeneous data sources or hybrid modeling
techniques. Therefore, the results demonstrate the
strength and practical applicability of the models
within a more constrained and realistic context.

4 Conclusions

Due to the challenges faced by the real estate
market in effectively estimating property prices,
given the variety of factors that influence a
property’s value, such as location, physical
characteristics, and market trends, machine
learning models have become a key tool for buyers
and sellers to estimate property purchase and sale
prices. This work proposes a study based on
machine learning for the characterization and
prediction of property prices in the city of Bogota.
The relevant variables affecting price were
identified, and classical models were compared
with ensemble methods. This study aims to serve
as a reference for promoting the use and
application of machine learning in the real
estate market.
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One of the main contributions of this work was
identifying the key attributes affecting property
prices in Bogota. Thus, by applying information
gain methods (Gain Ratio, Chi-Square, and
ReliefF), it was determined that the most significant
attributes influencing property valuation in Bogota
were property type and number of rooms. These
methods were implemented leveraging the
advantages provided by the Rank component of
the Orange visual programming tool.

Among the classic machine learning models,
the Decision Tree model achieved the best
performance, with an Accuracy score of 0.693 and
Precision and Recall values of 0.691. In contrast,
Logistic Regression had the lowest performance,
with an Accuracy score of 0.514 and respective
Precision and Recall values of 0.498 and 0.514.
Additionally, in the final results, the Decision Tree
model ranked third, surpassed by Random Forest
and AdaBoost, which demonstrated
superior performance.

Regarding the ensemble methods, it is
important to highlight that the AdaBoost and
Random Forest models achieved respective
Accuracy scores of 0.720 and 0.712. Similarly, for
the Precision and Recall metrics, both models
obtained values identical to their Accuracy scores,
indicating a strong ability to differentiate between
the dataset categories. Additionally, based on the
confusion matrix, it was determined that the
AdaBoost model achieved accuracy rates close to
77% in the "Cheap" and "Expensive" categories,
while in the "Moderate" category, it exhibited an
accuracy rate exceeding 62%. It is also noteworthy
that the two evaluated ensemble models
consistently outperformed the classic machine
learning models, demonstrating superior
performance across all evaluation metrics.

This study demonstrated the effectiveness of
the Orange open-source visual programming tool
for conducting exploratory data analysis and
deploying machine learning workflows. In this
regard, the workflow enabled the rapid adjustment
and evaluation of three classic machine learning
models and two ensemble methods. Additionally,
Orange facilitates the generation of various
statistical visualizations, including bar charts, box
plots, and violin plots, among others. Thus, the use
of Orange aims to be promoted and extended for

machine learning experimentation in universities
and research centers.

This study contributes to the field by
demonstrating the applicability of classical and
ensemble machine learning models to structured
real estate datasets, using a visual programming
approach. By focusing on the Bogota real estate
market and leveraging the Orange tool, it provides
a replicable and practical framework for similar
urban contexts. It is important to acknowledge that
the models developed exhibited an average
classification error of approximately 28-30%,
which is consistent with the complexity and
variability typically found in real-world real estate
datasets. Future studies incorporating additional
socioeconomic variables and external data
sources are expected to further reduce this
error margin.

It is important to note that the present study
focused exclusively on a single dataset
corresponding to the Bogota real estate market. As
future work derived from this research, the
following objectives are proposed: a) Enriching the
dataset by incorporating additional socioeconomic
attributes or variables that may influence property
prices, b) Include experiments using additional
datasets from other cities or sources to validate
and generalize the findings obtained and c)
Evaluating the predictive capacity of other models
based on neural networks, leveraging Orange’s
capabilities to support this type of model.
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