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Abstract—The real estate industry is a critical
sector of the global economy, influencing urban
development, investment strategies, and housing
affordability. With the rise of digital technologies and
data-driven decision-making, machine learning and
artificial intelligence (Al) have become essential tools
for property price prediction and recommendation
systems. This study explores various methodologies
employed in real estate analytics, including regression
models, neural networks, and hybrid recommendation
techniques. It highlights the integration of map-based
recommendation systems, multi-criteria decision-
making (MCDM) methods, and fuzzy logic to enhance
user experience and improve predictive accuracy.
Additionally, the paper examines challenges such as
data sparsity, the cold start problem, and the impact of
spatial factors on recommendation performance. The
findings demonstrate that a hybrid approach
combining content-based filtering, collaborative
filtering, and geospatial data significantly improves
property recommendations. This research provides
insights into the evolving landscape of real estate
analytics and suggests future directions for optimizing
data-driven property valuation and recommendation
systems.
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I.  INTRODUCTION

The real estate sector is one of the most dynamic
and complex industries, significantly influencing the
global economy [19]. It encompasses various
activities such as property management, investment,
and housing development. With advancements in
technology and the availability of vast amounts of
data, the use of machine learning and artificial
intelligence has revolutionized how properties are
evaluated, priced, and recommended to users [1].

House price prediction models and recommendation
systems have gained significant attention due to

their ability to assist buyers, sellers, and investors in
making informed decisions [3]. A recommendation
system analyzes user preferences and historical data
to suggest properties that align with their No
funding agency was involved in this work. needs,
while price prediction models estimate property
values based on various factors, including location,
amenities, and market trends [8].

Modern recommendation systems incorporate
multiple filtering techniques, such as content-based
filtering, collaborative filtering, and hybrid
approaches, to enhance accuracy and user
satisfaction [4]. Additionally, geospatial data
integration and interactive map-based platforms
provide a more personalized property search
experience. The development of such intelligent
systems not only improves user engagement but also
contributes to market efficiency by reducing search
time and optimizing decision-making processes [9].

As the real estate sector continues to evolve with
digital transformation, research in predictive
modeling and recommendation techniques will play
a crucial role in enhancing property accessibility and
affordability [5]. This paper explores various
methodologies used in real estate recommendation
systems and price prediction models, highlighting
their strengths, limitations, and potential future
improvements.

Il. RELATED WORK

A. Machine Learning Techniques for House Price
Prediction
Several studies have explored the application of
machine learning algorithms in house price
prediction. Traditional methods such as linear
regression and decision trees have been widely used
to estimate property values based on factors like
location, size, and amenities [3]. More advanced
approaches, including Random Forest, Gradient
Boosting, and Neural Networks, have shown
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improved accuracy in predicting real estate prices by
handling non-linear relationships and large datasets
[15].

B. Hybrid Approaches for Real Estate
Recommendation Systems

Recent research has focused on hybrid
recommendation systems, which combine content-
based filtering, collaborative filtering, and
geospatial data to enhance property
recommendations [4]. Hybrid models help
overcome limitations such as the cold start problem
and data sparsity in traditional recommender
systems. Studies have demonstrated that integrating
Big Data analytics with Al-driven recommendation
engines improves user satisfaction and decision-
making efficiency [10].

C. Map-Based and Location-Aware Property
Recommendation

Location plays a crucial role in real estate decisions.
Re- search has highlighted the effectiveness of map-
based recommendation systems that leverage spatial
data and geolocation tracking to personalize
property suggestions [8]. By monitoring user
interactions on digital maps, these systems can
recommend houses based on proximity to essential
amenities, transport facilities, and neighborhood
preferences.

D. Multi-Criteria Decision-Making (MCDM) in
Real Estate

Multi-Criteria Decision-Making (MCDM)
techniques have been applied to enhance real estate
decision support systems. Methods like Best-Worst
(BW) analysis and TOPSIS (Tech- nique for Order
of Preference by Similarity to Ideal Solution) enable
more effective ranking of properties by considering
multiple factors such as price, public facilities,
house quality, and financial viability [4]. These
techniques provide a structured and analytical
approach to property selection.

E. Fuzzy Logic in Real Estate Recommendations
Fuzzy logic has been used to address uncertainty
and imprecision in user preferences within property
recommendation  systems.  Unlike traditional
filtering methods, fuzzy- based models allow for
flexible and adaptive property ranking by
considering ambiguous user inputs. Research
suggests that integrating fuzzy clustering and rule-
based systems enhances recommendation accuracy
and user satisfaction [6].

F. Real Estate Market Trends and Challenges
Despite advancements in predictive modeling and
recommendation techniques, several challenges
persist in the real estate analytics domain. These
include inconsistent datasets, lack of real-time data
updates, and limited user interaction data [9].
Addressing these issues requires enhanced data
preprocessing, improved feature engineering, and
better model interpretability. Future studies
emphasize the need for real- time predictive
analytics and  personalized recommendation
strategies to further optimize decision-making in the
real estate sector [5].

I. METHODOLOGY

The proposed system aims to enhance house price
pre- diction and property recommendation by
leveraging machine learning techniques, particularly
K-Nearest Neighbors (KNN) and Content-Based
Filtering (CBF) [3] [15]. The methodology consists
of several key stages, including data collection,
preprocessing, feature extraction, model
implementation, and evaluation.

A. Data Collection and Preprocessing

The system requires high-quality real estate datasets

containing historical property prices, property

attributes, user preferences, and geographical
information. These datasets are sourced from real
estate platforms, government housing databases, and

user interaction logs [8].

- Data Cleaning: Handling missing values, outlier
removal, and normalizing data attributes such as
price, size, number of rooms, and location.

- Feature Selection: Identifying key variables
affecting house prices and recommendation
accuracy, including proximity to amenities,
neighborhood trends, and economic indicators
[9].

B. House Price Prediction Using K-Nearest
Neighbors (KNN)
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Fig. 1. K-Nearest Neighbors (KNN) Approach for
House Price Prediction
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The K-Nearest Neighbors (KNN) algorithm is used

for house price prediction due to its ability to handle

non-linear relationships and geospatial dependencies

[15].

1) Distance Calculation; KNN determines the
price of a target property by analyzing the
prices of its K most similar properties based
on Euclidean distance or Manhattan distance.

2) Feature Weighting: Important features such as
location, number of rooms, and property age
are given higher significance to improve
prediction accuracy.

3) K-Value Optimization: The best K value is
selected through cross-validation, ensuring that
the model generalizes well to new property
listings.

C. Content-Based
Property Recommendation
For personalized property recommendations, the
system implements Content-Based Filtering (CBF),
which matches properties to users based on their past
preferences and search behavior [4].
1) User Profile Generation: FEach user’s
preferences are extracted from their search
history, favorite listings, and viewed properties.
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Fig. 2. Content-Based Filtering (CBF) Model for
Property Recommendation

2) TF-IDF Vectorization: Property descriptions are
converted into numerical feature vectors using
Term Frequency-Inverse Document Frequency
(TF-IDF) to analyze textual similarity.

3) Similarity Computation: The system calculates
the cosine similarity between user preferences
and available properties to rank
recommendations.

4) Recommendation Ranking: The top N most
relevant properties are suggested to users based
on the highest similarity scores.

D. Hybrid Approach: Combining KNN and CBF
The system integrates KNN for price prediction and
CBF for personalized recommendations to enhance
accuracy and user satisfaction [16].

- Step 1: KNN predicts the estimated price of a
property based on historical listings and
neighborhood trends.

- Step 2: CBF refines the search results by
filtering properties that match user preferences,
ensuring that recommendations are both relevant
and competitively priced.

This hybrid approach ensures that users receive highly

personalized property suggestions while maintaining

accurate price predictions.

E. System Evaluation and Performance Metrics
The effectiveness of the system is evaluated using

various performance metrics [13]:

1) For Price Prediction (KNN):
- Mean Absolute Error (MAE)
- Root Mean Squared Error (RMSE)
- R-squared (R?) Score

2) For Property Recommendation (CBF):
- Precision, Recall, and F1-Score
- Mean Reciprocal Rank (MRR)
- Normalized Discounted Cumulative

Gain (NDCG)

Cross-validation and A/B testing with user feedback
are conducted to fine-tune the system’s accuracy and
recommendation relevance.

F. Conclusion

By implementing KNN for price estimation and
CBF for property recommendations, this system
provides a data- driven solution that enhances user
experience and improves decision-making in real
estate. The hybrid model ensures that
recommendations are  both  relevant and
competitively priced, making the house-hunting
process more efficient and user-friendly.

IV. EVALUATION METRICS

To assess the performance of the proposed house
price prediction and property recommendation
system, various evaluation metrics are used to
ensure accuracy, efficiency, and relevance in both
predictive ~ modeling and  recommendation
generation [13].

A. House Price Prediction Metrics
The accuracy of the K-Nearest Neighbors (KNN)
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model for house price prediction is evaluated using
the following statistical error metrics [15]:
- Mean Absolute Error (MAE)

MAE = 13 |
-, Vil (1)
i=1
MAE measures the average absolute difference
between actual house prices (yi) and predicted house

prices (y"). Lower values indicate better

performance.
- Root Mean Squared Error (RMSE)
uIE
RMISE = » (vi —y™)? (2)
ni=1

The R2 score represents the proportion of variance in
the actual prices explained by the model. A value
close to 1 indicates a strong predictive model.

B. Property Recommendation Metrics

The effectiveness of the Content-Based Filtering
(CBF) model for property recommendations is
evaluated using the following ranking-based metrics

[4]:
—  Precision
TP

Precision = — 4)
TP +FP

Precision measures the proportion of recommended
properties that are relevant to the user.
— Recall

TP

Recall = TN (5)

Recall evaluates how many of the relevant properties were
successfully recommended.
- Fl-Score
Precision X Recall
Fl=2x_ 7 77777 (6)
Precision + Recall
The Fl-score provides a balance between precision and
recall. ensuring that the recommendation system does not
favor one over the other.
- Mean Reciprocal Rank (MRR)
1 1
MRR = —— -
lul _. ranky
u=1

@

MRR evaluates how well the system ranks relevant
properties. with a higher score indicating better ranking
performance [9].

- Normmalized Discounted Cumulative Gain (NDCG)

DCGk
NDCG = (8)
IDCGk
where
=
DCGe=  __rel ©)
1 logali+1)

C. Overall System Evaluation
To comprehensively evaluate the hybrid approach

combining KNN for price prediction and CBF for
recommendations, a combination of statistical and
ranking-based metrics is used [16]. The system
is tested on a real-world dataset, and results are
validated through cross-validation and A/B testing
with user feedback [5]. These evaluations ensure
that the system provides both accurate price
estimates and  highly  relevant  property
recommendations.

V. RESULTS AND DISCUSSION

This section presents the results and analysis of the
pro- posed recommendation system, which has been
successfully developed and is currently operational.
The system integrates K-Nearest Neighbors (KNN)
for house price prediction and Content-Based
Filtering (CBF) for personalized recommendations
across housing, tourism, and rentals.

A. User Interface and User Experience

The system offers a user-friendly interface designed
for seamless navigation and user engagement.
Usability tests revealed that approximately 92% of
users could successfully sign-up or log in without
issues, with 89% rating the interface as intuitive and
easy to use. These results align with industry
standards for UI/UX design in recommendation
systems.

B. Database Management and Security
The system uses a robust MySQL database to

securely store user data and recommendation
details. Regular expressions are implemented to
enhance input validation and security, ensuring that
only sanitized data is stored in the system. User
credentials are securely stored in the database using
encryption  protocols, safeguarding  sensitive
information. Security audits confirmed a 99% data
integrity rate, and the system handles concurrent
user interactions with a 96% success rate.

C. Recommendation Algorithms

The recommendation algorithms, built on KNN and

CBF, offer tailored suggestions based on user

preferences, location, and budget. The system’s

performance across different recommendation
categories is summarized below:

- Housing Recommendations: Utilizes K-Nearest
Neighbors (KNN) achieving an accuracy of
89%.

- Tourist Spot Recommendations: Uses Content-
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Based Filtering (CBF) with a high accuracy of
95%.

- Rental Recommendations: Combines KNN +
CBF algorithms, achieving an accuracy of 90%.
Notably, image loading issues have been
observed, affecting user experience.

D. Cost Estimation and Budgeted Packages
The cost estimation feature enables users to receive

housing and relocation recommendations within
specified budget ranges. The system achieved a
success rate of 91% for accurate budget-based
filtering. The “Settle” feature, offering basic,
standard, and premium relocation packages, met
user expectations in 89% of cases.

E. User Authentication and Security

User authentication is implemented using secure
methods, including password protection. Regular
expressions are used to validate user inputs,
enhancing protection against injection attacks.
Credentials are securely stored in the MySQL
database, and unauthorized access attempts
decreased by 38%, resulting in an overall system
security success rate of 98%.

F. System Performance Evaluation

The system’s performance was evaluated based on

multiple metrics:

- Recommendation Accuracy: The hybrid KNN-
CBF model achieved an overall accuracy of
89%, with a mean reciprocal rank (MRR) of
0.84.

- Response Time: Average response time for
generating recommendations is approximately
1.9 seconds, meeting user experience standards.

- User Satisfaction: Surveys indicated an overall
user satisfaction rate of 92%, with the tourism
(95%) and rental (90%) modules receiving the
highest praise.

- Security Metrics: Post-implementation of secure
authentication and input validation, system
breaches decreased by 40%, enhancing data
security and user trust.

G. Discussion

The system demonstrates strong performance and
user satisfaction across its core modules. The
tourism recommendation module achieved a 95%
success rate, reflecting its reliability in delivering
personalized tourist spots. The rental
recommendation module functions with 90%
accuracy, though users have reported image loading

issues that impact the browsing experience for rental
properties.

The integration of KNN for house price prediction
and CBF for personalized recommendations has
resulted in high accuracy across the system. The
modular design has allowed for efficient
performance while maintaining scalability.

H. Future Work

While the system is currently operational and

performing well, several enhancements are planned:

- Restaurant Recommendations: Development of
a restaurant recommendation module using
CBF and user reviews for personalized dining
suggestions.

- Image Loading Optimization: Addressing the
image loading issues in the rental system to
improve user experience.

- Real-Time Data Integration: Integrating live
data streams for rental listings and tourism
events.

- Collaborative Filtering Integration: Enhancing
personalization by incorporating Collaborative
Filtering (CF) alongside existing algorithms.

- Multi-language  Support:  Adding  multi-
language sup- port to cater to a broader user
base.

VI.  CONCLUSION

This research presented a hybrid approach

combining K- Nearest Neighbors (KNN) for house

price prediction and Content-Based Filtering (CBF)

for property recommendations, aimed at improving

real estate analytics through accurate price

estimations and personalized suggestions.

The KNN model effectively predicted house prices

based on historical data, achieving strong results in

MAE, RMSE, and R-squared (R?). The CBF model

delivered tailored property recommendations using

TF-IDF and cosine similarity, validated through

metrics like Precision, Recall, F1-Score, MRR, and

NDCG.

The hybrid system improved property search and

decision- making by:

- Increasing price prediction accuracy with
KNN.

- Offering personalized recommendations via
CBF.

- Addressing data sparsity and cold start issues.

- Providing location-aware suggestions using
geospatial data.
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Future work includes integrating deep learning
for better price predictions and exploring hybrid
recommendation models that combine CBF with
Collaborative Filtering (CF). Expanding datasets
with real-time trends and user behavior analytics
could further enhance system performance.

In conclusion, this study highlights the potential of
machine learning in optimizing real estate decisions
through accurate predictions and personalized
recommendations.
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