
© APR 2026 | IRE Journals | Volume 9 Issue 10 | ISSN: 2456-8880 
DOI: https://doi.org/10.64388/IREV9I10-1716163 

IRE 1716163          ICONIC RESEARCH AND ENGINEERING JOURNALS 941 

NestIQ: A Machine Learning-Based System for 

Intelligent Real Estate Price Forecasting 
 

SUCHITH SARA1, M. LAHARI2, P. HEMANTH VARMA3, Y. SATYAM4, G. SHANKAR5 

1,2,3UG Student, Dept of CSIT, CMR Technical Campus, Hyderabad, Telangana, India 
4,5Assistant Professor, Dept of IT, CMR Technical Campus Hyderabad, Telangana, India 

 

Abstract- Accurate prediction of real estate prices is a 

complex task influenced by multiple dynamic factors such 

as location, market trends, property features, and 

economic conditions. Traditional estimation methods 

often rely on manual analysis or static models, which 

may fail to capture evolving patterns in the housing 

market. This paper presents NestIQ, an intelligent real 

estate forecasting system that leverages machine learning 

techniques to generate reliable and data-driven 

predictions. The proposed system integrates key property 

attributes, in-cluding area, location, number of rooms, 

and historical pric-ing data, to train predictive models 

capable of identifying hidden relationships within the 

dataset. By applying efficient preprocessing techniques 

and selecting suitable machine learning algorithms, the 

system produces accurate and consistent price 

estimations. NestIQ is designed to be scalable, user-

friendly, and computationally efficient, making it suitable 

for real-world applications. Experimental evaluation 

demonstrates that the system pro-vides meaningful 

predictions across diverse property profiles while 

maintaining performance stability. The model’s ability to 

generalize across varying inputs highlights its practical 

usability in assisting buyers, sellers, and real estate 

professionals in making informed decisions. The proposed 

approach offers a balance between accuracy, simplicity, 

and adaptability, contributing to the development of 

intelligent decision-support systems in the real estate 

domain. 

I. INTRODUCTION 

 

The real estate sector plays a significant role in 

economic development, influencing investment 

patterns, urban planning, and individual financial 

decisions. With rapid urbanization and increasing 

demand for housing, the need for accurate and 

reliable property price estimation has become more 

important than ever. Buyers, sellers, and investors 

rely heavily on pricing information to make informed 

decisions, yet determining the true value of a 

property remains a complex and uncertain process. 

Traditionally, property valuation has been carried out 

through manual assessment by real estate agents or 

based on simple comparisons with nearby properties. 

While these approaches provide a general idea of 

market value, they often lack precision and 

consistency. Human judgment can be influenced by 

subjective factors, and static comparison methods fail 

to capture subtle variations in property features or 

changing market conditions. As a result, these 

traditional methods may lead to inaccurate 

estimations, affecting both buyers and sellers. 

 

In recent years, digital platforms have introduced 

data-driven solutions to assist in property valuation. 

These systems typically use historical sales data and 

predefined rules to estimate prices. Although such 

methods offer improvements over manual 

approaches, they still face limitations in handling 

large volumes of data and identifying complex 

relationships between multiple influencing factors. 

Real estate pricing is not determined by a single 

variable but by a combination of attributes such as 

location, property size, number of rooms, 

accessibility, neighborhood development, and 

broader eco-nomic trends. Capturing these 

interdependencies requires more advanced analytical 

techniques. 

 

Machine learning has emerged as a powerful tool for 

solving prediction problems involving multiple 

variables and hidden patterns. By learning from 

historical data, machine learning models can identify 

relationships that are not easily visible through 

traditional analysis. This makes them particularly 

suitable for real estate forecasting, where patterns can 

vary across regions and evolve over time. However, 

implementing machine learning solutions in this 

domain requires careful consideration of data quality, 

model selection, and system efficiency. 
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To address these challenges, this project introduces 

NestIQ, an intelligent real estate forecasting system 

designed to pro-vide accurate and consistent property 

price predictions using machine learning techniques. 

The system focuses on utilizing essential property 

attributes such as area, location, number of 

bedrooms, and other relevant features to train 

predictive models. By processing this information 

through structured data pipelines and learning 

algorithms, NestIQ is able to generate estimates that 

reflect both historical trends and current market 

characteristics. 

 

A key aspect of NestIQ is its emphasis on simplicity 

and usability alongside predictive performance. 

Instead of relying on overly complex models that 

demand high computational resources, the system 

adopts efficient algorithms that balance accuracy and 

speed. This makes the solution suitable for real-time 

applications where users expect quick and reliable 

results. Furthermore, the system is designed to be 

scalable, allowing additional features or datasets to 

be incorporated as needed. 

 

Another important consideration in developing 

NestIQ is the need for transparency and 

interpretability. In practical scenarios, users often 

prefer systems that not only provide predictions but 

also allow them to understand the reasoning behind 

those predictions. By structuring the model and input 

features clearly, the system ensures that outputs are 

meaningful and aligned with real-world expectations. 

The motivation behind this work is to bridge the gap 

between traditional property valuation methods and 

advanced predictive analytics. While existing 

approaches either lack adaptability or introduce 

unnecessary complexity, NestIQ aims to offer a 

balanced solution that is both effective and accessi-

ble. By combining data-driven modeling with a user-

friendly design, the system supports better decision-

making for indi-viduals and professionals involved in 

real estate transactions. The remainder of this paper is 

organized as follows. The literature survey discusses 

existing approaches and their lim-itations, followed 

by the methodology section that explains the system 

design and model implementation. The results and 

discussion section evaluates the performance of the 

system, and the paper concludes with insights and 

potential future enhancements. 

II. LITERATURE SURVEY 

 

The problem of predicting real estate prices has been 

explored through various approaches over the years, 

ranging from traditional valuation techniques to 

advanced machine learning models. Each method 

offers certain advantages but also presents limitations 

in terms of accuracy, scalability, or usability. This 

section reviews the major categories of approaches 

and highlights the need for a balanced solution. 

 

A. Traditional Property Valuation Methods 

Before the adoption of digital tools, property 

valuation was primarily carried out through manual 

analysis by real estate professionals. These methods 

typically relied on comparing a property with similar 

nearby listings, considering factors such as location, 

size, and condition. While this approach provides a 

basic estimate, it is heavily dependent on human 

expertise and judgment. 

 

One of the main drawbacks of traditional methods is 

the lack of consistency. Different evaluators may 

arrive at different conclusions for the same property. 

Additionally, these methods do not scale well when 

dealing with large datasets or rapidly changing 

market conditions. As urban development accelerates 

and property markets become more dynamic, relying 

solely on manual valuation becomes inefficient and 

prone to errors. 

  

B. Statistical and Regression-Based Models 

To improve accuracy and reduce subjectivity, 

statistical techniques such as linear regression have 

been widely used in real estate price prediction. 

These models attempt to establish relationships 

between property features and their correspond-ing 

prices. By analyzing historical data, regression 

models can provide a mathematical basis for 

estimation. 

 

Although regression models are relatively simple and 

easy to interpret, they often struggle with capturing 

complex and non-linear relationships between 

variables. Real estate pric-ing is influenced by 

multiple interacting factors, and linear models may 

oversimplify these interactions. As a result, their 

predictive performance may decline when applied to 

diverse or highly variable datasets. 
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C. Machine Learning-Based Approaches 

With the advancement of data-driven technologies, 

machine learning has become a popular choice for 

real estate forecast-ing. Algorithms such as decision 

trees, random forests, and support vector machines 

are capable of identifying patterns within large 

datasets. These models can handle both linear and 

non-linear relationships, making them more flexible 

compared to traditional statistical methods. 

 

Machine learning models improve prediction 

accuracy by learning from past data and adapting to 

new inputs. They are particularly useful in scenarios 

where multiple features influence the outcome. 

However, their effectiveness depends on the quality 

and quantity of the training data. Poor data 

preprocessing or missing values can negatively 

impact perfor-mance. 

 

Another challenge with machine learning systems is 

in-terpretability. While some models provide clear 

reasoning, others may act as black boxes, making it 

difficult for users to understand how predictions are 

generated. This lack of transparency can reduce user 

trust, especially in decision-critical domains like real 

estate. 

 

D. Deep Learning and Advanced Predictive Models 

Deep learning techniques have also been applied to 

real estate prediction problems, particularly in cases 

involving large and complex datasets. Neural 

networks can capture intricate patterns and 

interactions between variables, leading to highly 

accurate predictions in certain scenarios. 

Despite their potential, deep learning models come 

with several limitations. They require substantial 

computational resources and large volumes of 

training data, which may not always be available. 

Additionally, their complexity makes them harder to 

interpret and maintain. For many practical 

applications, especially lightweight systems, deep 

learning may not be the most suitable choice. 

 

E. Web-Based Real Estate Platforms 

Modern real estate platforms have integrated predic-

tive models into user-facing applications, allowing 

users to estimate property values online. These 

systems combine databases, user interfaces, and 

backend algorithms to provide instant predictions. 

While they enhance accessibility, many such 

platforms rely on proprietary data and models, 

limiting transparency. 

 

Furthermore, some platforms prioritize speed over 

accuracy, providing generalized estimates rather than 

highly tailored pre-dictions. This highlights the 

importance of designing systems that balance 

usability with meaningful outputs. 

 

F. Research Gap and Motivation 

From the analysis of existing approaches, it is evident 

that there is a trade-off between simplicity, accuracy, 

and computational efficiency. Traditional methods 

are simple but lack adaptability, while advanced 

models offer higher accuracy at the cost of 

complexity and resource requirements. 

 

There is a clear need for a system that combines the 

strengths of these approaches while minimizing their 

limita-tions. Such a system should be capable of 

handling multiple influencing factors, providing 

reliable predictions, and remain-ing efficient enough 

for real-time use. NestIQ is developed with this 

objective in mind, aiming to deliver intelligent real 

estate forecasting through a balanced and practical 

approach. 

 

III. METHODOLOGY 

The design of NestIQ focuses on developing a 

reliable and efficient system for predicting real estate 

prices using machine learning techniques. The 

methodology is structured into multiple stages, 

starting from data collection and ending with 

prediction generation. Each stage is carefully 

designed to ensure accuracy, scalability, and ease of 

use. 

 

A. Data Collection 

The first step in the system involves gathering 

relevant real estate data. The dataset consists of key 

property attributes such as location, area, number of 

bedrooms, number of bathrooms, and other features 

that influence property pricing. Historical price data 

is also included to help the model learn patterns from 

past transactions. 
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The selection of features is an important aspect of 

this stage. Only meaningful and impactful attributes 

are considered to avoid unnecessary complexity and 

improve model perfor-mance. 

 

B. Data Preprocessing 

Raw data often contains inconsistencies such as 

missing values, duplicate entries, or incorrect 

formats. To address this, preprocessing techniques 

are applied to clean and standardize the dataset. 

 

Missing values are handled using appropriate 

strategies such as removal or substitution. Categorical 

variables, such as location, are converted into 

numerical representations using encoding techniques. 

Numerical features are scaled to ensure uniformity 

across the dataset. 

 

This step ensures that the data is in a suitable format 

for machine learning algorithms and helps improve 

prediction accuracy. 

  

C. Feature Engineering 

Feature engineering is performed to enhance the 

predictive capability of the model. New features may 

be derived from existing ones to capture additional 

information. For example, price per unit area can be 

calculated to better represent property value. 

This stage helps the model understand relationships 

between variables more effectively and improves 

overall performance. 

 

D. Model Selection 

Selecting an appropriate machine learning algorithm 

is crucial for achieving accurate predictions. Multiple 

models can be evaluated, including linear regression, 

decision trees, and ensemble methods such as random 

forests. 

 

Each model has its strengths and limitations. Simpler 

mod-els offer better interpretability, while more 

complex models can capture non-linear relationships. 

The final selection is based on a balance between 

accuracy, computational effi-ciency, and ease of 

implementation. 

 

E. Model Training 

Once the model is selected, it is trained using the 

prepared dataset. The dataset is typically divided into 

training and testing sets to evaluate performance. The 

training process involves allowing the model to learn 

patterns and relationships between input features and 

property prices. 

 

During training, parameters are adjusted to minimize 

pre-diction error. This ensures that the model 

generalizes well to unseen data. 

 

F. Model Evaluation 

After training, the model is evaluated using 

performance metrics such as Mean Absolute Error 

(MAE) or Root Mean Square Error (RMSE). These 

metrics help determine how close the predicted 

values are to the actual prices. 

 

Evaluation ensures that the model performs 

consistently and helps identify areas for 

improvement. 

 

G. Prediction System Design 

The trained model is integrated into a user-friendly 

system where users can input property details. The 

system processes the input data, applies the trained 

model, and generates a predicted price. 

 

The design emphasizes simplicity, allowing users to 

interact with the system without requiring technical 

knowledge. The prediction is generated quickly, 

making it suitable for real-time applications. 

 

H. System Workflow 

The overall workflow of NestIQ follows a structured 

se-quence: 

 

• User inputs property details 

• Input data is preprocessed 

• Features are prepared for the model 

• Trained model generates prediction 

• Predicted price is displayed to the user 

 

This workflow ensures a smooth and efficient 

prediction process. 

  

I. Advantages of the Proposed Method 

The methodology adopted in NestIQ offers several 

advan-tages. It provides accurate predictions by 

leveraging data-driven techniques while maintaining 

computational efficiency. The system is scalable and 
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can be extended with additional features or improved 

models in the future. Additionally, the structured 

design ensures reliability and ease of use. 

 

Overall, the methodology combines simplicity with 

effec-tiveness, making NestIQ a practical solution for 

intelligent real estate forecasting. 

 

IV. RESULTS AND DISCUSSION 

The performance of NestIQ was evaluated using a 

series of test cases designed to represent realistic real 

estate scenarios. The goal of this evaluation was to 

analyze the system’s prediction accuracy, 

consistency, and practical usability across different 

types of property inputs. The results demonstrate how 

effectively the model interprets input features and 

generates meaningful price estimations. 

 

A. Experimental Setup 

The system was tested using a dataset containing 

various property attributes such as location, area, 

number of bedrooms, and other relevant features. The 

dataset was divided into training and testing sets to 

ensure unbiased evaluation. The training set was used 

to build the predictive model, while the testing set 

was used to assess its performance on unseen data. 

All experiments were conducted in a controlled 

environment to maintain consistency. The same 

preprocessing techniques and model parameters were 

applied across all test cases to ensure fair 

comparison. 

 

B. Prediction Accuracy 

The accuracy of the model was evaluated by 

comparing pre-dicted prices with actual property 

values. The results indicate that the system produces 

estimates that closely align with real-world data. In 

most cases, the deviation between predicted and 

actual values remained within an acceptable range. 

 

The use of structured input features and appropriate 

prepro-cessing contributed significantly to improving 

accuracy. The model was able to capture key 

relationships between variables such as area and 

price, as well as the influence of location on property 

value. 

 

 

C. Consistency of Results 

One of the key observations during testing was the 

consis-tency of the system’s predictions. When 

similar inputs were provided, the model generated 

stable and predictable outputs. This consistency is 

important in real-world applications, as users expect 

reliable results for similar property conditions. 

 

Unlike systems that rely on probabilistic outputs or 

ran-domness, NestIQ produces deterministic 

predictions based on learned patterns. This ensures 

that repeated inputs yield the same results, increasing 

user trust in the system. 

  

D. Effect of Input Features 

The impact of individual input features on prediction 

out-comes was also analyzed. It was observed that 

certain features, such as location and area, had a 

stronger influence on price estimation compared to 

others. Properties located in well-developed areas 

consistently received higher predicted values. 

Similarly, an increase in property size or number of 

rooms resulted in higher price predictions. This 

indicates that the model successfully learned logical 

relationships that align with real-world market 

behavior. 

 

E. System Efficiency 

The system demonstrated high computational 

efficiency during testing. Predictions were generated 

almost instantly after user input was provided. This is 

primarily due to the use of lightweight machine 

learning models and optimized preprocessing 

techniques. 

 

The fast response time makes NestIQ suitable for 

real-time applications such as web platforms or 

mobile-based tools, where users expect immediate 

feedback. 

 

F. Usability and Practical Application 

From a usability perspective, the system provides a 

simple and intuitive interface for users. The input 

requirements are minimal, and the output is presented 

in a clear and under-standable format. This makes the 

system accessible to users without technical 

expertise. 
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The predictions generated by NestIQ can assist 

buyers in evaluating property prices, help sellers 

determine competitive pricing, and support investors 

in making informed decisions. The system’s practical 

applicability adds significant value beyond 

theoretical analysis. 

 

G. Comparison with Traditional Methods 

Compared to traditional valuation methods, NestIQ 

offers improved accuracy and consistency. Manual 

methods often rely on subjective judgment, which 

can lead to variations in estimated prices. In contrast, 

the proposed system uses data-driven techniques to 

produce objective and repeatable results. 

Additionally, the system can process multiple 

features si-multaneously, something that is difficult 

to achieve through manual analysis. This allows for 

more comprehensive and reliable predictions. 

 

H. Limitations of the System 

Despite its advantages, the system has certain 

limitations. The accuracy of predictions depends 

heavily on the quality and completeness of the 

dataset. If the data does not represent real market 

conditions accurately, the predictions may be 

affected. Furthermore, the model may not fully 

capture rare or highly specific scenarios, such as 

properties with unique features or sudden market 

fluctuations. Since the system is based on learned 

patterns, it may require periodic updates to remain 

aligned with changing market trends. 

  

I. Discussion 

Overall, the results indicate that NestIQ achieves a 

good bal-ance between accuracy, efficiency, and 

usability. The system successfully applies machine 

learning techniques to generate meaningful 

predictions without introducing unnecessary com-

plexity. 

 

The consistency and speed of the system make it 

suitable for practical deployment, while its 

limitations highlight oppor-tunities for future 

improvement. By incorporating additional data 

sources and refining model selection, the system can 

be further enhanced to deliver even more accurate 

and adaptable predictions. 

 

The findings demonstrate that intelligent forecasting 

sys-tems like NestIQ can play a valuable role in 

modern real estate decision-making, bridging the gap 

between traditional valuation methods and advanced 

data-driven approaches. 

 

V. CONCLUSION 

This work presented NestIQ, an intelligent real estate 

fore-casting system designed to provide accurate and 

practical property price predictions using machine 

learning techniques. The primary objective was to 

develop a solution that balances predictive 

performance with simplicity and usability, making it 

accessible for real-world applications. 

Through the use of structured data processing and 

carefully selected input features, the system is able to 

capture meaning-ful relationships between property 

attributes and market prices. The results demonstrate 

that even a well-designed, lightweight approach can 

produce reliable predictions without the need for 

highly complex models or excessive computational 

resources. This highlights the effectiveness of 

combining data-driven methods with a clear and 

efficient system design. 

One of the key strengths of NestIQ lies in its 

consistency and responsiveness. The system 

generates stable predictions for similar inputs and 

provides results in real time, making it suitable for 

interactive applications. Additionally, the user-

friendly design ensures that individuals without 

technical expertise can easily utilize the system for 

decision-making purposes. 

At the same time, certain limitations were identified, 

partic-ularly related to data dependency and the 

system’s ability to handle highly unique or rapidly 

changing market conditions. These limitations open 

opportunities for further enhancement, such as 

incorporating larger datasets, integrating real-time 

data sources, or exploring more adaptive learning 

techniques. 

In conclusion, NestIQ demonstrates that intelligent 

forecast-ing systems can be both efficient and 

practical when designed with a focus on clarity, 

scalability, and usability. The proposed approach 

serves as a strong foundation for future developments 
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in real estate analytics and highlights the growing 

importance of machine learning in supporting 

informed decision-making. 
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