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House rent estimation remains a challenge due to inconsistent pricing methods, reliance on 
manual valuation, and the absence of intelligent systems for determining fair rent values. 
Traditional approaches used by house agents and property owners often result in price variations 
and inaccurate rent estimations. This study developed a House Rent Prediction System using 
stack ensemble to estimate annual house rent values based on housing characteristics. The 
dataset used for the study was obtained from house agents and secondary sources and was 
preprocessed through data cleaning, encoding, and feature scaling using StandardScaler.  The 
developed system was implemented using Streamlit and included functionalities such as manual 
prediction, property visualization, house comparison, prediction history, market analytics, and 
property carousel display. Model evaluation was carried out using MAE, MSE, RMSE, R² 
Score, and K-Fold Cross Validation. The results showed that the developed system was effective 
in predicting house rent values and can support intelligent housing valuation and decision-
making in community development.  
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I. INTRODUCTION  
Housing gives people the necessary security and shelter, 
making it a basic necessity in community development. 
However, problems like exorbitant rent costs and a lack of 
transparency frequently beset the housing market. These 
problems present significant difficulties for both homebuyers 
and landlords. Some agents have a tendency to set rent prices 
too high, disconnecting them from the real value of the 
properties and the going rates in the market. Recent 
developments in machine learning methods, however, provide 
encouraging answers to this problem, as such methods have 
been shown to reduce the information gap between tenants, 
investors, and property owners by improving the accuracy and 
accessibility of rental price predictions, leading to more 
equitable pricing mechanisms (Nor et al., 2025). In order to 
produce accurate and insightful price estimations, this work 
intends to propose a house price prediction model that makes 
use of machine learning methods. The model intends to aid real 
estate professionals, homeowners, and investors make wise 
decisions in the dynamic real estate market by utilizing data and 
computational tools according to M. Sharma et al., (2024). 

 Therefore, accurate property value is crucial for community 
development.  The real estate market is one of the most 
dynamic and economically significant sectors in many 
countries. Housing prices are influenced by a wide range of 
factors, including location, property size, structural features, 
and prevailing market conditions. Accurate property valuation 
is therefore essential for effective decision-making by buyers, 
sellers, investors, and policy makers. Traditionally, property 
valuation has depended on manual appraisal methods, expert 
judgment, and basic comparative analysisThis project outlines 
using stack ensemble to predict housing prices based on key 
property features, which also incorporates essential data 
preparation steps such as handling missing values, feature 
scaling, and k-fold cross validation to ensure a robust and 
reliable model. It improved the accuracy and diversity of the 
model    by    learning    how    to optimally combine the base 
classifiers (Akinola et.al., 2026).  
This project describes how to use stack ensemble to forecast 
home values depending on important characteristics of a 
property. In order to provide a solid and trustworthy model, it 
also includes crucial data preparation procedures including 
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handling missing values, feature scaling, and k-fold cross 
validation.  Due to the intricate interactions of variables such 
location, property size, structural characteristics, market 
demand, and economic conditions, accurately estimating the 
price of residential properties is a significant difficulty in the 
real estate sector.  
The scope is limited to the variables available within the 
datasets, which may include features such as property size, 
number of rooms, location indicators, and other relevant 
attributes. Feature engineering was done which includes data 
cleaning, handling missing values, feature scaling, model 
Training, and performance evaluation using k-fold cross-Stack 
ensemble which include Random Forest, Gradient Boost, 
Linear Regression and Ridge Regression for the Meta model 
was used as the predictive technique, although other advanced 
models are acknowledged but not implemented. Despite the 
contributions and practical relevance of this study, several 
limitations must be acknowledged to provide a balanced 

understanding of the findings and to clearly define the scope 
within which the results should be interpreted. 
 
II. LITERATURE REVIEW 
Several recent studies have demonstrated the effectiveness of 
machine learning techniques in housing price prediction. Choy 
and Ho (2023) applied Extra Trees, k-Nearest Neighbors, and 
Random Forest to real estate transaction data in Hong Kong and 
found that all three algorithms markedly outperformed a 
conventional hedonic pricing model in explanatory power and 
error minimization. Naz et al., (2024), in a systematic literature 
review of machine learning, deep learning, and hybrid 
approaches to real estate price prediction, emphasized that data 
quality and preprocessing remain central to predictive 
accuracy, alongside the growing use of hybrid models. 
Ogundunmade, et al. (2023) investigated rental housing 
determinants in Ibadan, Nigeria.

Deng (2025) examined the role of location and multi-source 
image data in housing price analysis and found that geographic 
coordinates and spatially-varying image features contributed 
significantly to predictive performance, with effects differing 
markedly between city-centre and suburban areas. When 
comparing several machine learning methods for housing 
prediction, Khan, et al. (2026) found that a stacked ensemble 
combining CatBoost, XGBoost, and LightGBM with a ridge-
regression meta-learner produced markedly higher accuracy 
than Linear Regression and other individual base models. In 
their evaluation of techniques and data types utilized in home 
price prediction systems, Geerts et al. (2023) emphasized the 
increasing significance of machine learning in contemporary 
real estate analytics. 
Hu and Tang (2023) proposed a geographically weighted 
ensemble learning model for residential rent prediction and 
observed that incorporating spatial information significantly 
improved prediction performance across different urban 
locations. Chen et al. (2024) applied machine learning 
algorithms to rental valuation and found that property size, 
location, building characteristics, and neighborhood conditions 
were among the most influential determinants of rental prices.   
 
Cao et al., (2024) investigated rental price prediction using 
machine learning techniques and reported that data-driven 
models provide reliable estimates of rental values when 
relevant housing characteristics are properly represented in the 
dataset. Oluyele et al., (2024) emphasized that housing 
attributes such as location, number of rooms, accessibility to 
infrastructure, and environmental quality have substantial 
effects on rental prices within urban housing markets. Trinkaus 
and Kauermann (2023) evaluated the effectiveness of machine 
learning algorithms for rental valuation and concluded that 
modern predictive models can outperform traditional 
approaches when sufficient housing data are available. Zong 
and Song (2023) developed a machine learning-based house 
rent prediction model and demonstrated that predictive 

algorithms are capable of identifying complex relationships 
between housing features and rental values. 
 
III.  METHODOLOGY 
A. System Architecture 
The architecture of the system consists of Data input, Data 
Preprocessing Layer, Model Training Layer, Model Evaluation 
Layer and Price Prediction Layer components. It describes the 
sequential processes involved in transforming raw housing data 
into an accurate rent price prediction. The architecture consists 
of five major components, namely: Data Input, Data 
Preprocessing, Model Training, Model Evaluation, and Price 
Prediction Output. 
B. Data Flow Diagram (DFD) 

1) DFD Level 0 (Context Diagram): The Level 0 Data 
Flow Diagram as seen below in fig. 3.1, also known 
as the Context Diagram, provides a high-level 
overview of the house rent prediction system. It 
illustrates the interaction between the user and the 
system without showing the internal processing 
details. The Level 0 DFD therefore provides a 
simplified overview of how data move between the 
user and the prediction system. 

 
Fig. 3.1. DFD level 0 

 
2) DFD Level 1: The Level 1 Data Flow Diagram in fig. 

3.2 below provides a more detailed representation of 
the internal operations of the house rent prediction 
system. Unlike the Level 0 DFD, which treats the 
system as a single process, the Level 1 DFD breaks the 
system into multiple sub processes that describe how 
data are transformed step-by-step. 
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Fig. 3.2. DFD Level 1 

 
C. Algorithm Design 
Stack ensemble (using Gradient boost, Random Forest, Linear 
regression, and Ridge regression for the metal model) was used 
in the prediction Algorithm in fig. 3.3. 

 
Fig. 3.3. Algorithm design 

 
Importing the dataset, cleaning the data, handling missing 
values, encoding categorical variables, performing feature 
scaling, dividing the dataset into training and testing sets, 
training a linear regression model, performing K-fold cross 
validation, testing and evaluating the model's performance, 
saving model files (.pkl), deploying the streamlit application, 
accepting user input, preprocessing user input, predicting house 
rent, displaying the prediction output, and storing the prediction 
history  
Lastly, the performance and efficacy of the constructed house 
rent prediction model were evaluated using evaluation metrics 
like Mean Absolute Error (MAE), Mean Squared Error (MSE), 
Root Mean Squared Error (RMSE), and Coefficient of 
Determination (R²). 
 
IV. RESULT DISCUSSION 
This chapter presents the implementation and testing of the 
House Rent Prediction System developed for predicting annual 
house rent values using Stack Ensemble using Gradient Boost, 
Random Forest, Linear Regression and Ridge Regression for 
the metal model. The implementation stage transformed the 
methodology and design presented in Chapter Three into a 
functional predictive application capable of estimating house 

rent prices using housing attributes. The developed system 
integrates machine learning techniques which is stack ensemble 
using gradient boost, linear regression, random forest and ridge 
regression for metal model with a user-friendly Streamlit 
interface to provide an interactive environment for rent 
estimation. The implementation process involved dataset 
preparation, preprocessing, model development, deployment, 
and interface design. The implementation also incorporated K-
Fold Cross Validation to improve model reliability and 
prediction consistency. 
The implementation of the House Rent Prediction System 
required suitable hardware like Computer and software 
resources like Jupyter, python and it libraries to support the 
operations of the machine learning model using stack 
ensemble, data preprocessing(which involves data cleaning, 
removing duplicates, checking for missing values), 
visualizations and deployment using streamlit for the interface.  
The dataset used in this project was obtained from two sources 
and the datasets as in Figure 4.1 was merged to improve 
coverage and diversity. 

 
Fig. 4.1. Dataset used in training the model 

 
The dataset was loaded into the jupyter notebook and the 
dataset was subjected to duplicate removal, checking for 
missing values, data transformation and scaling, the machine 
learning model implementation discusses the data encoding 
which label encoding was been used, followed the stages 
below. Feature scaling was also done using StandardScaler, 
model training using stack ensemble and K-fold validation was 
also used which was performed using 5 fold validation, label 
Encoding was applied to variables including location, property 
type, furnishing, water Supply, PHCN Availability.  
Random Forest, Gradient boost, linear regression and ridge 
regression for the metal model was used for model training and 
can be viewed in was selected because house rent prediction 
involves continuous numerical values. Training operations was 
done by splitting the data into a ratio of 80% for training set and 
20% testing set, feature extraction, coefficient learning, 
prediction fitting. Dataset partitioning are the trained model 
was exported as rent_model.pkl 
The developed application was deployed using Streamlit and 
organized into multiple modules. The home page serves as the 
entry point of the application and shown below in Figure 4.2. 
The interface provides the application title which gives us 
information about the name of the application which is called 
House rent prediction system. 
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Figure 4.2 Home Interface 

 
The prediction interface in fig 4.3. enables users to manually 
enter housing details and the prediction inputs. 

 
Fig. 4.3 Manual Prediction Interface 

 
The developed system in Figure 4.4 includes a property 
browsing section. Properties are displayed using image cards. 
Each card contains house image, description and housing 
information. Users may select properties directly for prediction. 

 
Figure 4.4 Property Gallery Interface 

 
The house comparison interface in fig 4.5 allow users to 
compare two different houses, then click on the compare button 
after selecting the two houses to be compare and evaluate rent 
values. The comparison interface assists users in cost 
evaluation, property selection and housing decisions.  

 
Fig. 4.5. House Comparison interface 

 
Prediction history stores previously generated outputs of the 
prediction done anywhere in the interface meaning all the pages 
which are the browse house property, the manual prediction 
interface, the house comparison interface as shown in fig. 4.5 
is also not left out. This module enables users to revisit earlier 
predictions done. Stored information in Figure 4.6 includes 
House details, prediction values, and time records. 

 
Fig. 4.6. Prediction History Interface 

 
The analytics module provides visualization of housing 
information. Just as in figure 4.7, it displays information like 
average rent values, housing distribution and statistical 
summaries. This module improves market understanding.  

 
Fig. 4.7. Market Analytics Interface 
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The dark mode interface in Figure 4.8 allows users especially 
those who do not like the white mode to switch, mostly 
developers also like to use the dark mode and it applies to all 
tabs.  

 
Fig. 4.8. Dark Mode Interface 

 
The About System Interface as displayed in Figure 4.9 tells us 
about the system which is a machine learning-based model 
application developed for predicting house rent prices. 
 

 
Fig. 4.9. About System 

 
V. SUMMARY AND CONCLUSION 
The increasing inconsistency in house rent pricing, especially 
within developing urban environments, has created challenges 
for house seekers, landlords, and real estate practitioners. 
Traditional methods of rent determination rely heavily on house 
agents, manual valuation, and subjective judgment, which often 
result in inaccurate and inconsistent pricing. 
To address these challenges, this study developed a machine 
learning-based House Rent Prediction System using Linear 
Regression. 
The study began with data acquisition from two major sources: 
1. Housing information collected from house agents. 
2. Secondary housing datasets obtained from news and social 

media. 
The collected datasets were combined and prepared for model 
development through preprocessing operations such as removal 
of duplicate records, handling missing values, data 
transformation, One-Hot Encoding of categorical variables and 
Feature scaling using StandardScaler 

The developed model utilized housing variables including 
location, property Type, bedroom(s), bathroom(s), House Size, 
Lot Size, Furnishing Status, Water Supply, PHCN Availability 
and Year Built. The stack ensemble algorithm was selected 
because it is suitable for predicting continuous numerical 
values such as house rent. 
The developed system was deployed using Streamlit and 
implemented with several modules including manual 
prediction module, Property browsing module, House image 
display section, Property display, Prediction history module, 
House comparison module, Market analytics section and Dark 
mode customization. Model evaluation was carried out using 
Mean Absolute Error (MAE), Mean Squared Error (MSE), 
Root Mean Squared Error (RMSE) and Coefficient of 
Determination (R²). Additionally, K-Fold Cross Validation was 
incorporated to improve model reliability and minimize 
overfitting. Testing results showed that the developed 
application successfully generated house rent predictions and 
supported interactive housing exploration. 
 
Stacking model and encoding method 
The study employed a stacking ensemble consisting of Random 
Forest, Gradient Boosting, and Linear Regression as base 
learners, with Ridge Regression as the meta-model. Categorical 
variables were encoded using One-Hot Encoding, while 
numerical features were standardized using StandardScaler. 

Model-performance results 
The developed stacking ensemble achieved approximately 95% 
performance (R²). Model evaluation was conducted using 
MAE, MSE, RMSE, R², and five-fold cross-validation. 
MAE: 55608.61170869439 
MSE: 8878235002.393314 
RMSE: 94224.3864527295 
R2 Score: 0.9509184040771506 

Dataset sources and preprocessing 
The dataset was obtained from Kaggle and supplemented with 
housing information from secondary sources. The data were 
merged and preprocessed through duplicate removal, missing-
value treatment, One-Hot Encoding of categorical variables, 
and feature scaling using StandardScaler. An 80:20 training-
testing split and five-fold cross-validation were applied. 

Sustainability justification 
The system supports sustainable community development by 
promoting transparent and data-driven rental valuation. It can 
assist tenants, landlords, and real estate practitioners in making 
informed housing and pricing decisions. 

Property images and licensing 
The property images used in the system were obtained from 
open-source platforms and were used for property visualization 
and improved user interaction. They were not used as predictive 
features. 
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Data privacy 
The dataset was obtained from open-source/publicly available 
sources, including Kaggle and publicly available housing 
information. No private or confidential personal information 
was intentionally collected for model development. 
 
Reproducibility 
The system was implemented using Python, Jupyter Notebook, 
Visual Studio Code, Streamlit, Scikit-learn, Pandas, NumPy, 
Joblib, Matplotlib, and PIL. The study also reports the 80:20 
train-test split and five-fold cross-validation, providing a basis 
for reproducing the experiment. 
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