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Abstract

This thesis presents a comprehensive machine learning framework for predicting the
price per square meter ( /m2) of real estate properties in Saudi Arabia using advanced
spatial features and algorithms. The study addresses the critical demand for accurate
and automated property valuation in the rapidly expanding Saudi real estate market.
Using a data set of 6,005 property transactions in major cities - including Riyadh, Jed-
dah, and the eastern province - multiple machine learning models were developed and
evaluated, including linear regression, Ridge, Lasso, random forest, gradient boosting,
XGBoost, K-nearest neighbors and decision trees.

The methodology incorporates extensive feature engineering, including geographic
coordinates, distances to city centers calculated using the Haversine formula, proximity
to schools and educational facilities, detailed road network analysis (counts and dis-
tances to motorways, trunk, primary, secondary, tertiary, and residential roads), as well
as property type categorization. The study applies a modern hedonic pricing frame-
work powered by machine learning algorithms to capture the implicit value of spatial
and property characteristics in real estate price prediction.

The experimental results reveal that the XGBoost model achieved the highest pre-
dictive performance, with a R2 score of 0.9525 on the test set and a Root Mean Squared
Error (RMSE) of 367.25 ( /m2). Furthermore, the model achieved a mean abso-
lute percentage error (MAPE) of 9. 93% and a mean absolute error (MAE) of 237.37
( /m2), reflecting robust predictive precision.

In general, this research contributes valuable information for real estate profession-
als, urban planners and policymakers in Saudi Arabia by demonstrating the effective-
ness of machine learning approaches in property valuation while ensuring transparency
through explainable AI techniques.

Keywords: Artificial Intelligence, Property Valuation, Machine Learning, XGBoost,
Real Estate, Saudi Arabia, Algorithmic Fairness, Geographic Information Systems,
Automated Valuation Models, Ensemble Methods
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List of Abbreviations

AI Artificial Intelligence

ML Machine Learning

GIS Geographic Information System

OSM OpenStreetMap

RMSE Root Mean Squared Error

MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error

R2 Coefficient of Determination

IQR Interquartile Range

Latitude Position north/south of the Equator

Longitude Position east/west of the Prime Meridian

Haversine Great-circle distance calculation method between two points on a
sphere

SHAP Shapley Additive Explanations

XGBoost Extreme Gradient Boosting

KNN K-Nearest Neighbors

RFR Random Forest Regressor

GBR Gradient Boosting Regressor

DTR Decision Tree Regressor

LR Linear Regression

Ridge Ridge Regression
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Lasso Least Absolute Shrinkage and Selection Operator

sklearn Scikit-learn (Python ML library)

pandas Python data manipulation and analysis library

NumPy Python numerical computation library

Matplotlib Python plotting library

Seaborn Python statistical visualization library

geopy Python library for geocoding and distance calculations

OneHotEncoder Scikit-learn categorical feature encoder

Train/Test Split Process of dividing data into training and testing subsets

Boxplot Statistical data visualization showing quartiles and outliers

Heatmap Visualization showing correlation or intensity values in a grid

Feature Engineering Process of creating new variables to improve model perfor-
mance

Outlier Data point significantly different from others in the dataset

Visualization Graphical representation of data

Residuals Difference between actual and predicted values in regression

Error% Relative percentage difference between actual and predicted values

Motorway Major high-speed road, no cross traffic

Trunk Major route connecting cities

Primary Main road within or between towns

Secondary Road linking smaller towns or districts

Tertiary Local connector between smaller roads

Residential Street serving housing areas

Hedonic Model Method estimating value based on the contribution of individual fea-
tures
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Chapter 1

Introduction

1.1 Background and Motivation

The real estate industry is on the threshold of a technological revolution, driven by the
convergence of artificial intelligence, big data analytics, geospatial technologies such as
GIS, and the growing demand for efficient, transparent and equitable property valuation
systems. Traditional property appraisal methods, although long-established and pro-
fessionally established, face growing challenges in meeting the requirements for speed,
consistency, and scalability in modern markets. These approaches often rely heavily on
manual inspections, subjective judgment, and limited comparable data, making them
less adaptable to rapidly changing urban environments and large-scale property trans-
actions. In contrast, the emergence of AI-driven valuation systems offers unprecedented
opportunities to overcome these limitations by leveraging big data, spatial features, and
machine learning algorithms to provide faster, more consistent, and scalable valuations.
However, adopting artificial intelligence (AI) in property valuation also raises impor-
tant issues of fairness, transparency, and regulatory compliance. This creates a dual
challenge: to use technological innovation effectively while ensuring that it is applied
ethically and equitably.

Property valuation represents one of the most critical functions in real estate mar-
kets, shaping mortgage lending decisions, investment strategies, tax assessments, and
overall market transparency. The accuracy and reliability of valuations exert far-
reaching effects on financial stability, economic development, and social equity. Tradi-
tional appraisal methods, typically conducted by licensed professionals through com-
parative market analysis and standardized procedures, provide essential experience and
professional judgment. However, they remain constrained by human limitations in pro-
cessing vast and heterogeneous datasets, ensuring consistency across different apprais-
ers, and scaling to meet the demands of increasingly dynamic and complex real estate
markets. These challenges are particularly pronounced in rapidly developing regions
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such as Saudi Arabia, where rapid urban expansion and national initiatives such as Vi-
sion 2030 and large-scale housing and infrastructure projects have increased the demand
for valuation systems that are scalable, data-driven and able to integrate spatial features
for more accurate assessments.

In this context, the Saudi Arabian real estate market presents a particularly com-
pelling case for investigating AI-driven property valuation systems. As Saudi Arabia
advances its Vision 2030 economic diversification strategy, the sector has undergone
significant growth and transformation, introducing both new challenges and opportuni-
ties for valuation practices. The combination of rapid urban expansion, growing for-
eign investment and ongoing regulatory reforms has increased the need for more effi-
cient, consistent, and data-driven valuation systems capable of supporting Saudi Ara-
bia’s long-term economic development objectives.

Saudi Arabia’s property valuation system has the same problems seen worldwide,
but also has special issues and unique characteristics specific to the region. Historically,
Saudi Arabia has relied on conventional appraisal methods that, although grounded
in professional expertise, lack the capacity to handle the volume and complexity of
modern transactions. The increasing sophistication of investments, the emergence of
new property types, and the accelerating pace of market activity highlight the limitations
of traditional methods in delivering timely and consistent valuations, raising concerns
about their capacity to sustain an efficiently functioning market.

1.2 Problem Statement

The current property valuation landscape in Saudi Arabia and comparable emerging
markets faces multiple interconnected challenges that undermine efficiency, consis-
tency, and scalability. Traditional appraisal methods, while grounded in professional
expertise and market knowledge, are hindered by time-intensive processes that often
take days or weeks to complete, reducing their relevance in fast-moving market condi-
tions. Moreover, the subjective nature of human judgment—though valuable in highly
complex or non-standard cases—frequently introduces inconsistency and potential bias
in routine valuations, underscoring the limitations of traditional approaches in meeting
the demands of modern real estate markets.

In addition to these limitations, the growing volume of real estate transactions in
Saudi Arabia driven by Vision 2030 initiatives and broader economic diversification
efforts has put additional pressure on traditional valuation systems. The limited num-
ber of qualified appraisers relative to market demand creates bottlenecks in transaction
processing, slowing economic activity, and reducing overall market efficiency. This ca-
pacity constraint is particularly acute in rapidly developing regions, where the pace of
new construction and investment activity far exceeds the availability of local valuation
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expertise.
Moreover, traditional valuation methods struggle to capture the complex relation-

ships between property characteristics and market values in dynamic real estate mar-
kets. The growing availability of diverse data sources, including geographic informa-
tion systems, demographic data, and market analytics, creates opportunities for more
sophisticated approaches capable of integrating multiple factors simultaneously. How-
ever, the manual processing constraints of conventional methods prevent full utilization
of these rich data resources, further limiting their effectiveness in modern valuation
practice.

The issue of consistency and potential bias in property valuations constitutes an-
other significant challenge. Appraisers may reach divergent conclusions about the same
property, influenced by individual experience, judgment, and interpretations of market
conditions. This variability generates uncertainty for market participants and can unin-
tentionally introduce systematic biases, leading to inequitable outcomes across property
types, locations, or market segments.

Together, these challenges highlight the urgent need for innovative, data-driven val-
uation approaches capable of providing faster, more consistent, and scalable property
assessments.

1.3 Research Objectives

This research aims to address the identified challenges by investigating AI-driven prop-
erty valuation systems within the context of the Saudi Arabian real estate market. The
primary objective is to develop and rigorously evaluate machine learning approaches
capable of delivering accurate, efficient, and fair valuations, while also aligning with
the practical requirements necessary for real-world implementation.

The first research objective focuses on establishing the optimal machine learning al-
gorithm for property price prediction in the Saudi Arabian context. Through systematic
comparison of multiple algorithms including ensemble methods, linear regression ap-
proaches, and tree-based models, our aim is to identify the approach that maximizes ac-
curacy while ensuring explainability and practical applicability. This objective requires
a comprehensive evaluation of algorithm performance in multiple metrics, including
predictive accuracy, computational efficiency, and generalization capabilities.

The second objective focuses on the integration of geographic and spatial features
into property valuation models. Since location is a fundamental determinant of prop-
erty value, this research seeks to develop methodologies to incorporate spatial rela-
tionships, accessibility measures, and geographic characteristics into machine learning
frameworks. Specifically, this involves building distance-based features, proximity in-
dicators, and regional attributes that can improve predictive accuracy while ensuring

3
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transparency and practical interpretability.
The third objective focuses on the comprehensive evaluation of fairness and bias

in AI-driven valuation systems. Recognizing the critical importance of equitable treat-
ment in real estate, this research seeks to design and apply rigorous methodologies for
detecting and measuring bias between property types, geographic regions, and market
segments. To achieve this, fairness metrics will be established, bias detection proce-
dures implemented, and validation will be performed to ensure that automated valuation
systems deliver equitable results across all relevant categories.

The fourth objective involves developing practical implementation frameworks that
address the real-world requirements to deploy AI-driven valuation systems. This in-
cludes evaluating computational efficiency, scalability requirements, integration chal-
lenges, and operational considerations that influence successful adoption. The frame-
work must address technical infrastructure needs and data quality requirements.

Collectively, these objectives establish a comprehensive framework for developing
AI-driven valuation systems that are accurate, transparent, fair, and practically deploy-
able within the Saudi real estate market.

1.4 Research Contributions

This research makes several significant contributions to both academic knowledge and
practical practice in the field of AI-driven property valuation. Specifically, it advances
theoretical understanding, introduces methodological innovations, provides practical
implementation frameworks, and delivers contextual insights within the Saudi Arabia
real estate market.

Methodological Contributions: This research offers a comprehensive evaluation
of machine learning algorithms for property valuation in the Saudi Arabian real estate
market, addressing an underexplored area of the literature and providing insights of
relevance for emerging markets in the Middle East. By systematically comparing eight
algorithms under consistent evaluation criteria, the study establishes methodological
benchmarks for future research and offers practical guidance for algorithm selection in
comparable market contexts.

Technical Contributions: This research advances the literature on spatial analysis
in real estate valuation by developing methodologies to integrate geographic character-
istics into machine learning models. Incorporating distance-based measures, proximity
indicators, and accessibility metrics demonstrates practical approaches to capture lo-
cation effects, establishing a foundation for future research on spatial relationships in
property pricing.

Fairness and Ethics Contributions: This research strengthens the emerging field
of algorithmic fairness in real estate valuation by performing a comprehensive fairness
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analysis that demonstrates how well-designed AI systems can achieve equitable results
along with improved efficiency and accuracy. The multidimensional framework for
bias detection and fairness assessment establishes transferable methodologies that can
be applied to other AI applications in regulated domains, reinforcing the importance of
ethical considerations in technology adoption.

Practical Contributions: This research delivers practical frameworks and method-
ologies for implementing AI-driven property valuation systems in real-world contexts,
narrowing the gap between academic exploration and industry application. By system-
atically evaluating deployment factors, including computational efficiency, scalability,
and integration requirements, the study provides actionable guidance for organizations
and institutions considering the adoption of automated valuation systems.

1.5 Thesis Organization

This thesis is organized into six main chapters, each addressing specific aspects of AI-
driven property valuation research.

Chapter 1: Introduction provides the introduction, presenting the background,
motivation, problem statement, research objectives, contributions, and the overall struc-
ture of the thesis.

Chapter 2: Literature Review provides a comprehensive survey of existing re-
search on property valuation, automated valuation models, machine learning applica-
tions in real estate, and algorithmic fairness. It establishes the theoretical foundation
for this study and identifies the key gaps in current knowledge that the research seeks
to address.

Chapter 3: Methodology presents the research design, detailing the dataset char-
acteristics, the pre-processing procedures, the feature engineering approaches, the ma-
chine learning algorithms evaluated, and the experimental design. The chapter ensures
methodological transparency and provides sufficient detail to enable replication and
validation of the results.

Chapter 4: Experimental Results and Analysis reports the evaluation outcomes,
including algorithm performance comparisons, feature importance analysis, fairness
evaluations, and model validation procedures. The chapter offers a detailed examina-
tion of the experimental findings and discusses their implications for property valuation
practices.

Chapter 5: Discussion interprets the research findings in relation to the existing lit-
erature, examines their implications for property valuation practice, acknowledges lim-
itations and challenges, and offers recommendations to practitioners and policy makers.

Chapter 6: Conclusion and Future Work summarizes the key findings, outlines
research contributions, discusses future research directions, and provides final remarks
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on the potential of AI-driven property valuation systems.

The thesis also includes comprehensive appendices that provide detailed documen-
tation of datasets, performance metrics, geographic analysis results, feature importance
rankings, and fairness evaluation procedures.
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Chapter 2

Literature Review

The story of property valuation begins with a fundamental challenge that has persisted
across centuries: how to accurately and fairly determine the value of real estate in an
ever-changing market. This narrative traces the evolution from traditional appraisal
methods to sophisticated artificial intelligence systems, revealing both the promise and
the risks of technological transformation in one of the most critical economic functions
of society. For decades, property valuation was based on three established approaches
that formed the foundation of professional practice. Sales comparison, cost and income
capitalization approaches provided the framework through which licensed appraisers
navigated the complex task of price determination. These approaches became the global
standard of valuation practice and remain influential today, although increasingly chal-
lenged by the growing scale and complexity of modern real estate markets [1].

These methods, grounded in economic theory and professional judgment, operate
on well-established principles such as substitution, which posits that rational buyers will
not pay more for a property than the cost of acquiring a comparable substitute [2]. The
comparative market analysis (CMA) methodology emerged as a practical application
of these principles, carried out by real estate professionals with intimate knowledge of
local conditions [3]. Although grounded in sound reasoning, such approaches depend
heavily on localized expertise and limited comparables, which constrains scalability
and consistency.

Although these traditional approaches served the industry for generations, their lim-
itations became increasingly apparent in modern markets shaped by rapid urbanization
and increasingly complex data. The subjectivity inherent in human judgment, while
valuable in complex or unique cases, frequently introduced inconsistency and poten-
tial bias in routine valuations, creating uncertainty for market participants and, in some
cases, inequitable results across property types, locations, and demographic segments
[4, 5]. Moreover, traditional methods struggled to capture complex relationships be-
tween property characteristics and market values in dynamic environments, particularly
as diverse data sources such as geographic information systems (GIS), demographic
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indicators, and market analytics became more widely available [5, 6].
A more systematic foundation emerged with Sherwin Rosen’s hedonic pricing

model, which conceptualized a property as a bundle of attributes, with buyers valuing
individual characteristics such as size, location, and amenities [7]. Observed market
prices can therefore be interpreted as the aggregate result of marginal contributions of
specific attributes [7, 8]. In its simplest form:

Pi = β0 +
k

∑
j=1

β jXi j + εi,

where Pi is the price of the property i, Xi j is the attribute j of property i, β j is the implicit
marginal contribution of attribute j, and εi is an error term. This formulation became the
basis for hedonic regression and ultimately for modern machine learning applications
in property valuation.

The integration of GIS with hedonic models marked the next chapter, as researchers
recognized that location factors could be systematically quantified and incorporated
into the valuation [9]. This development addressed a fundamental real-estate principle:
location is a primary determinant of value. The ability to capture spatial relationships,
accessibility measures, and neighborhood characteristics through GIS enabled more
sophisticated analytical approaches that would emerge in subsequent decades.

As computational power increased and data became more abundant, the limita-
tions of traditional approaches catalyzed technological innovation. Automated Val-
uation Models (AVMs)—computer-based systems that apply statistical, econometric,
or machine learning techniques to property and market data—ushered in a paradig-
matic shift toward systematic, data-driven evaluation, producing valuations with greater
speed, scalability, and consistency than traditional appraisal methods [10]. Research
has increasingly demonstrated the ability of AVMs to improve value assessment, sup-
port decision-making, and provide market information on development, investment,
land administration, and taxation [11]. Comparative investigations across markets fur-
ther showed that ensemble learners (e.g. random forests and gradient boosting) often
achieve higher R2 and lower MAE than linear baselines, reflecting their ability to model
nonlinear interactions among property and location attributes [12].

Among these learners, gradient-boosted trees (notably XGBoost) gained promi-
nence due to strong regularization, scalability, and performance in heterogeneous tab-
ular features [13]. However, accuracy alone is insufficient in high-stakes settings like
valuation; interpretability is essential. SHAP (SHapley Additive exPlanations) offers a
unified game-theoretic framework that attributes the positive or negative contribution of
each feature to an individual prediction - its local attributions sum to the model output
- making the AVMs of boosted trees more transparent and auditable [14]. Evidence
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from Ukraine similarly illustrates the performance advantages of boosted ensembles in
real-estate pricing tasks (e.g., gradient boosting achieved R2 = 0.724) [15].

Parallel to these algorithmic advances, the centrality of spatial features has been re-
peatedly confirmed. Studies show that location-based factors account for a substantial
share of price variation. For example, research in Seoul demonstrated that proxim-
ity to subway stations and schools increases apartment values, confirming accessibility
and amenities as decisive determinants [16]. Similar patterns appear in European mar-
kets, where neighborhood quality and transport connectivity explain a sizable fraction
of the variation in machine learning models [11]. In Saudi Arabia, the incorporation
of geospatial characteristics, such as distance to city centers and road networks, sig-
nificantly improves predictive precision [17]. These findings validate the principle that
“location is value” and support systematic GIS integration in AVMs.

Beyond simple distance features, explicit spatial structure can be modeled directly.
A two-stage pipeline, the clustering to define submarkets followed by kriging to cap-
ture spatial dependence, has shown a strong performance for mass appraisal in Medelln,
highlighting the value of the geostatistical structure alongside the learned models [18].
Large-scale empirical work also reveals a strong spatial autocorrelation in housing
prices and heterogeneous determinants (for example, land cost) between regions, using
spatial regression and Geographical Detector (GeoDetector) to identify varying effects
[19]. Together, these results motivate standardized and reproducible pipelines for spa-
tial feature engineering (e.g. distances, network travel times, neighborhood indices) in
operational AVMs [20].

Recent studies also tackle valuation when there are few recorded sales. Geography-
guided self-supervised methods (e.g., DoRA) first learn from unlabeled data and then
improve accuracy even with small labeled samples—useful for areas or property types
with limited transactions [21].

Multimodal learning extends the feature space beyond the structured attributes.
Self-supervised vision transformers can fuse interior, exterior, and streetscape imagery
with tabular features to capture quality cues that are difficult to encode numerically [22],
while street-view visual semantics significantly improve land or housing price estima-
tion [23]. Complementing these findings, adding AI-derived visual scores from prop-
erty photos to a hedonic baseline improves accuracy and supports price transparency
objectives [24].

The GCC context provides practical momentum. Across the region, rapid economic
diversification and aggressive digitization have created fertile conditions for AI-driven
valuation. In the UAE, the Dubai Land Department’s “Instant Sale” operationalizes
AI-based smart valuation to complete key steps in seconds, demonstrating that end-to-
end digital valuation is practical at scale [25]. Regionally, industry research notes an
acceleration of AI adoption in real estate and PropTech, with institutional users pri-
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oritizing speed, auditability, and data integration [26]. For Saudi Arabia, the national
data-and-AI strategy under Vision 2030 positions AI as an explicit enabler in govern-
ment and industry, while sectoral digital platforms and open transaction data provide the
practical foundation for modernizing property valuation—including REGA’s Digital
Real Estate Indicators and the Ministry of Justice’s real estate market data (with price
per square meter) - and professional governance by TAQEEM sets standards for the
valuation profession [27, 28, 29, 30]. Empirical work with Saudi transactions already
shows strong machine learning performance relative to traditional baselines, indicating
readiness for production-grade systems [17]. Local PropTech platforms (e.g., Wasalt)
report large-scale usage and AI-powered capabilities (instant valuation, personalized
descriptions, ROI prediction), reflecting market appetite and feasibility [31, 32].

As adoption scales, fairness becomes central. Recent public-sector research docu-
ments that AVMs can exhibit larger errors in majority black communities - even when
protected attributes are not explicit - implying that overall predictive accuracy does
not guarantee equitable outcomes [33]. Regulators have responded: In 2024, six fed-
eral agencies in the USA issued a final rule mandating AVM quality control standards,
including testing, documentation, and controls to guard against bias, formalizing gov-
ernance expectations for automated home valuations [34].

Putting it all together, the literature indicates that effective AI-driven valuation com-
bines (i) strong tabular learners (e.g., gradient boosting), (ii) standardized spatial feature
engineering with GIS, (iii) optional multimodal inputs (e.g., imagery), (iv) interpretable
outputs (e.g., SHAP), (v) spatio-temporal modeling with uncertainty estimates, and (vi)
fairness evaluation aligned with emerging regulations. What is still missing, especially
for Saudi Arabia, is a unified and standardized spatial pipeline with localized fairness
and uncertainty diagnostics integrated into one practical framework. This thesis ad-
dresses this gap by proposing FERAS, derived from "firāsa" meaning foresight, a frame-
work that leverages spatial features and explainability while incorporating fairness and
uncertainty assessments tailored to the Saudi real estate market.
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Chapter 3

Methodology

3.1 Research Design and Approach

This study uses a quantitative experimental design to evaluate AI-driven automated val-
uation models (AVMs) to predict the price per square meter ( /m2) in the Saudi real
estate market. The pipeline covers data acquisition, preprocessing, spatial and tem-
poral feature engineering, model training with leakage-aware validation, and fairness
and robustness assessment. A single reproducible feature pipeline is fixed across mod-
els, with identical data splits, tuning budgets, and random seeds to ensure a controlled
comparison.

The overall research workflow is summarized in Figure 3.1, which illustrates the
conceptual AVM pipeline applied in this study. It begins with the collection of property
transaction data, followed by preprocessing and feature engineering. Spatially enriched
features are then passed into multiple machine learning models for training and evalua-
tion, leading to final predictions of price per square meter.

We adopt a comparative framework for eight algorithms representing major fami-
lies. OLS, Ridge, Lasso, Support Vector Regression, Random Forest, Gradient Boost-
ing, XGBoost, and LightGBM (Tree Boosting per 13). All models use the same inputs
and evaluation procedures. Validation follows (i) a scheme time-aware (train in earlier
periods, test later) and (ii) a scheme spatial-block (hold out entire districts/tiles) to as-
sess geographic generalization under spatial autocorrelation [35]. We report R2, RMSE,
MAE and MAPE in holdout sets and use paired error tests to assess significance.

11
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Figure 3.1: AVM framework for predicting real estate price per square meter.

Property Transaction Data – (66,000 records)

Data Preprocessing (cleaning, missing values)

Feature Engineering (location, distance, roads, schools, land use)

Machine Learning Models

Linear, Ridge, Lasso, Support Vector Re-
gression (SVR), Random Forest (RF),

KNN, Gradient Boosting (GB), XGBoost

Predicted Price per m2

Because deployment in regulated settings requires not only accuracy but also equity
and transparency, we evaluate both predictive performance and fairness. We compute
SHAP values for explanations per prediction and aggregate them for global importance
[14]. For uncertainty, we produce 90% prediction intervals via distribution-free confor-
mal prediction and empirical audit coverage [36]. For fairness in regression, we assess
error parity, signed bias, coverage parity, and calibration across observable groups (dis-
tricts, property types, price bands), following survey guidance on bias and mitigation
in machine learning. An ablation (no spatial → +proximity → +neighborhood/lag)
quantifies the incremental value of standardized GIS-based features.

3.2 Dataset Description and Characteristics

This study uses a large-scale multicity dataset of Saudi Arabian property transactions
suitable for machine learning analysis in a regional real estate context. The data set
contains 66,000 verified transactions drawn from multiple sources in 16 major Saudi
cities, providing extensive geographic diversity for modeling and evaluation1 The pre-
diction target is the price per square meter ( /m2), calculated as y = sale_price

area after
standardizing units and filtering implausible or missing areas.

1Where applicable, data sources include official transaction feeds [28, 29].
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Temporal coverage. The dataset spans July 2024 through July 2024, capturing mul-
tiple market phases and policy environments. This broad period ensures that models
are trained and tested under heterogeneous conditions rather than a single economic
regime. Monthly transaction volume over the study window is shown in Figure 3.2.
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Figure 3.2: Monthly transactions volume (July 2024 – July 2025).

Geographic coverage. Transactions are distributed across key urban centers: Riyadh
(61.1%), Jeddah (9.7%), Makkah (6.3%), Dammam (6%), Buridah (4.3%), Khobar
(3.3%), with the remaining 9.3% in eleven additional cities. This distribution reflects
major population and economic hubs while preserving the cross-city variability needed
for spatial generalization. The counts and shares at the city level are reported in Ta-
ble 3.1, and their spatial distribution is visualized in Figure 3.3.

Table 3.1: Transactions by city (July 2024 – July 2025).
City Count Share (%)

Riyadh 40,332 61.1
Jeddah 6,442 9.7
Makkah 4,151 6.3
Dammam 3,980 6.0
Buridah 2,862 4.3
Khobar 2,195 3.2
Other (11 cities) 6,043 9.3

Total 66,005 100
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Figure 3.3: Spatial distribution of transactions across 16 cities.

Property types. Five principal categories are represented: apartments (25.52%), vil-
las (7.12%), residential land (40.42%), commercial properties (12.59%), and other
types (12.75%). This mixture supports model evaluation across distinct market seg-
ments and built forms. The distribution by property type is summarized in Table 3.2, and
the price per m2 variability in Riyadh,Makkah and Jeddah are shown in Figures 3.4, 3.5.

Table 3.2: Transactions by property type.
Property type Count Share (%)

Apartments 16,845 25.52
Villas 4,701 7.12
Residential land 27,737 42.02
Commercial 8,310 12.59
Other 8,403 12.75

Total 66,005 100
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Figure 3.4: Price ( /m2) distributions in Riyadh.

Figure 3.5: Price ( /m2) distributions in Makkah and Jeddah.

Attributes and units. Each transaction includes core structural attributes (e.g., built
area, parcel area as applicable, precise geographic coordinates (WGS84), and the re-
alized transaction price in Saudi Riyals ( ). All prices reflect closed transactions, not
listings, improving the reliability of the label for supervised learning. The core variables
are documented in Table 3.3.
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Table 3.3: Data dictionary for features.
Variable Type/Unit Description

sale_price Final transaction price (closed deal)
area m2 Built or parcel area (as appropriate)
price_per_m2 /m2 Target: sale_price/area after validation
lat, lon degrees (WGS84) Geographic coordinates of the property
sale_date ISO date Date of transaction
property_type categorical Apartment, villa, residential land, commercial,

other

TBC later

Data sources. Aggregated from official transaction feeds [29, 28].

3.3 Data Preprocessing

The data preprocessing pipeline implements comprehensive procedures to ensure data
quality, consistency, and suitability for machine learning analysis. The preprocessing
workflow addresses missing values, outlier detection, data type conversions, and feature
standardization while preserving the integrity and interpretability of the original data.

This section is currently in active development.

3.4 Feature Engineering and Geographic Integration

This section is currently in active development.

3.5 Machine Learning Algorithms and Implementation

This section is currently in active development.

3.5.1 XGBoost (Extreme Gradient Boosting)

This section is currently in active development.
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3.5.2 Random Forest

This section is currently in active development.

3.5.3 Gradient Boosting

This section is currently in active development.

3.5.4 Linear Regression Methods

LThis section is currently in active development.

3.5.5 K-Nearest Neighbors

This section is currently in active development.

3.5.6 Decision Tree Regressor

This section is currently in active development.

3.6 Experimental Design and Validation

This section is currently in active development.

3.7 Fairness Evaluation Framework

This section is currently in active development.
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Chapter 4

Experimental Results and Analysis

4.1 Dataset Characteristics and Exploratory Analysis

This section is currently in active development.

4.2 Model Performance Comparison

This section is currently in active development.

4.3 XGBoost Model Analysis

TThis section is currently in active development.

4.3.1 Hyperparameter Optimization

This section is currently in active development.

4.3.2 Feature Importance Analysis

This section is currently in active development.

4.4 Geographic Feature Impact Analysis

This section is currently in active development.
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4.5 Fairness and Bias Evaluation

This section is currently in active development.

4.5.1 Geographic Fairness Assessment

This section is currently in active development.

4.5.2 Property Type Fairness Assessment

This section is currently in active development.

4.5.3 Price Range Equity Analysis

This section is currently in active development.

4.6 Model Deployment Considerations

This section is currently in active development.
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Chapter 5

Discussion

5.1 Interpretation of Results

This section is currently in active development.

5.2 Implications for Property Valuation Practice

TThis section is currently in active development.

5.3 Geographic Feature Integration Insights

This section is currently in active development.

5.4 Fairness and Bias Implications

This section is currently in active development.

5.5 Limitations and Challenges

This section is currently in active development.

5.6 Regulatory and Compliance Considerations

This section is currently in active development.
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Chapter 5. Discussion

5.7 Future Research Directions

This section is currently in active development.
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Chapter 6

Conclusion and Future Work

6.1 Summary of Findings

This section is currently in active development.

6.2 Research Contributions

This section is currently in active development.

6.2.1 Methodological Contributions

This section is currently in active development.

6.2.2 Technical Contributions

TThis section is currently in active development.

6.2.3 Practical Contributions

This section is currently in active development.

6.3 Implications for Industry and Policy

This section is currently in active development.
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Chapter 6. Conclusion and Future Work

6.3.1 Industry Implications

This section is currently in active development.

6.3.2 Policy Implications

This section is currently in active development.

6.4 Limitations and Future Research Directions

This section is currently in active development.

6.4.1 Data and Methodology Limitations

This section is currently in active development.

6.4.2 Technical Research Directions

This section is currently in active development.

6.4.3 Application and Deployment Research

This section is currently in active development.

6.5 Final Remarks

This section is currently in active development.
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