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Abstract:	 Housing valuation is a concrete reflection of socio-economic inequalities in ur-
ban space. Particularly in densely populated, spatially fragmented large cit-
ies like Istanbul, the current official mass appraisal system used for property 
taxation fails to reflect market reality. This situation results in revenue losses 
in property taxes and spatial injustices. This study develops a Deep Neural 
Network (DNN)-based model that integrates spatially derived variables from 
Geographic Information Systems (GIS) and incorporates 24 objective variables 
related to location, structure, and access in Istanbul. The model, trained on 
3,757  samples created using open-source big data, estimated housing values 
with high accuracy (R² = 0.979). The findings show that spatial differences in 
housing values are strongly related to urban variables such as accessibility and 
proximity to infrastructure. This approach not only produces housing value 
estimates but also provides a theoretical and methodological framework for 
spatial analyses of how value is produced in urban space. The study has the 
potential to support the development of a fair, transparent, and updatable mass 
appraisal system, especially for developing cities.
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1.	 Introduction

Urban housing markets play a central role in understanding spatial inequalities 
and socio-economic segregation within cities [1, 2]. Real estate valuation processes 
are decisive in shaping fiscal policies, land-use planning, and urban development 
strategies [3–7]. However, especially in rapidly urbanizing and developing econo-
mies, official valuation mechanisms often fail to reflect real market dynamics, lead-
ing to significant deviations between administrative and market values. This situ-
ation causes financial losses for municipalities due to undervalued properties and 
unequal tax burdens for citizens, resulting from inconsistent valuations [8, 9].

In response to this problem, new methods that integrate spatial data with ma-
chine learning (ML) are being developed to provide more accurate, geographically 
sensitive real estate valuations [10–15]. To contribute to this emerging body of liter-
ature, this study proposes a deep-learning-based valuation model integrated with 
Geographic  (DNN)-based model integrated with GIS using 24 objectively measurable 
variables based on location, structure, and accessibility in Istanbul. The model aims 
to close the gap between existing official valuation systems and market realities while 
offering new possibilities for location-sensitive tax policies and planning practices.

In Türkiye, as in many developing countries, the basis for property tax is an offi-
cial mass appraisal system administered by municipal and central government com-
missions. This system typically relies on static parameters such as average values 
per street or across broad neighborhood zones, along with standardized construc-
tion cost catalogs, and is updated infrequently (e.g., every four years). Consequent-
ly, it fails to capture the fine-grained spatial dynamics and real-time fluctuations in 
the housing market, leading to a substantial gap between taxable and market values. 
This gap results in significant fiscal losses for municipalities and raises concerns 
about spatial equity in taxation.

There are various methods and algorithms for estimating property values 
for taxation and transaction purposes. For example, advanced machine-learning 
algorithms have been widely used to improve the prediction of taxable asset val-
ues [16, 17]. The most prominent ones are support vector machines, random forests, 
decision trees, Bayesian methods, genetic algorithms, Markov prediction models, 
artificial neural networks, deep neural networks, and others [18–21]. In fact, some 
algorithms can achieve high levels of accuracy in predicting real estate prices [22], 
and higher levels of accuracy are achieved using artificial neural networks and deep 
neural networks [23]. Given spatial differences between regions, various criteria are 
used to create forecasting models at national or regional scales [24]. Neural-network 
algorithms can achieve high predictive accuracy when supported by a sufficient 
number of samples. In addition, to meet the large data requirements of these mod-
els, automated data collection algorithms that leverage web services used for real 
estate sales and rentals have been developed in various studies [25, 26]. With these 
online services, a large amount of sample data that can address the needs of network 
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models is provided [27]. Moreover, more reliable housing-price forecasts can be ob-
tained with larger sample sizes [18].

The inadequacy of the technical infrastructure in the real estate tax system indi-
cates the need to establish public registries using information technology and to move 
towards mass property valuation [28]. Real estate valuation is an interdisciplinary 
process that requires considering multiple variables, depending on the property’s 
location [29]. In this context, there are various strategies for estimating real estate pric-
es. For example, large datasets are stored in web services that host real estate buying 
and selling advertisements. Data entry into these portals is performed by real estate 
agents, property owners, contractors, banks, or real estate brokers [30]. Although the 
prices entered into the system are not final transaction prices and reflect the seller’s 
expectations, they are the most accurate data available for use in the valuation process.

Real estate valuation activities, carried out by many different institutions and 
organizations, may affect a wide range of transactions, ranging from foreclosures to 
easements, from leases to judicial proceedings. Although institutions seek to ensure 
internal consistency in their valuation standards, there is no legal standard in Türki-
ye governing real estate valuation criteria. Real estate valuation became a regulated 
profession in Türkiye with the Capital Markets Board’s notification published in the 
Official Gazette on August 12, 2001. Later, with Law No. 5582 in 2007, the profession 
was further specialized under the Capital Markets Board. In 2014, the Turkish Ap-
praisers Association (TAA) was established as a self-regulatory professional associ-
ation with public legal personality in the field of real estate valuation. In the Capital 
Markets Board (CMB) circular, compliance with international standards is required 
under the Statement of Valuation Standards in the Capital Markets published by TAA 
and the Turkish Capital Markets Association. The content of the valuation report is 
also regulated  [31]. When conducting and reviewing valuations, different results, 
even for similar real properties with the same characteristics, may also arise from 
the inherently subjective nature of the process. On the other hand, it may be possible 
to arrive at different real estate values in valuation processes conducted by different 
institutions for different purposes, based on different rules and criteria [32].

Based on studies [33, 34], housing-price estimation has been discussed in the 
literature using various criteria, methods, and approaches. The following notable 
studies and the criteria used in them are summarized in Table 1.

Table 1. Housing price estimation studies in the literature

Criteria Representative variables References

Age of the structure [years] – [18, 27, 34–37, 39, 40, 42–48]

Apartment gross area [m2] – [18, 27, 34, 35, 36, 39, 41, 42, 45, 46, 48]

Apartment net area [m2] – [17, 34, 41]

Cable TV – [36, 43]
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Criteria Representative variables References

Cooling type

split air conditioner

[37, 41]
central air conditioner

heat pump

ceiling fan

Elevator (yes/no) – [17, 18, 36, 37, 39, 45, 46]

Floor type of the bathroom

screed

[36, 39, 43]
floor ceramics

vinyl flooring

mosaic

Floor type of the living room

parquet floor

[36, 39]

wood floor

floor ceramics

vinyl flooring

screed

carpet, mosaic, and marble

Floor type of the living room

parquet floor

wood floor

floor ceramics

vinyl flooring

screed

carpet and marble

wood floor

floor ceramics

vinyl flooring

screed

carpet, mosaic, and marble

Garage (yes/no) – [34, 36–38, 41, 45]

Garbage disposal – [36]

Heating system

bottled gas propane

[18, 41, 43]electricity

natural gas

Table 1. cont.
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Table 1. cont.

Criteria Representative variables References

Hot water –
[36]

Jacuzzi –

Locational feature
in urban area

[35, 36]
in rural area

Number of rooms [count] – [18, 27, 34, 36, 39, 40, 42, 43, 45, 46]

Sauna – [36]

Toilet – [36]

Type of house

independent (detached) 
house

[36–42]

basement floor

apartment floor

slum flat

duplex

Type of the structure

reinforced-concrete 
structure

[18, 34–36, 39, 41, 45]

timber structure

briquette structure

stone structure

brick structure

adobe structure

electricity

natural gas

Water system – [36]

Urban real estate valuation is at the intersection of spatial justice, fiscal govern-
ance, and the shaping of socio-economic inequalities in urban space [49, 50]. Especially 
in rapidly urbanizing developing countries, official valuation systems are often based 
on static, outdated, and spatially insensitive methods [51]. This leads to housing values 
failing to realistically reflect intra-city differences, such as differences associated with 
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proximity to transportation infrastructure, public services, or environmental ameni-
ties [52–54]. In multi-centered, dense, and socially segregated metropolitan areas, such 
as Istanbul, the gap between official property values and market realities both deepens 
spatial inequalities and creates injustice and revenue loss in the tax system [55].

In Türkiye, the official property tax valuation system is based on mass appraisals 
conducted every four years, in which minimum unit values are assigned to streets or 
avenues without accounting for fine-grained spatial variations. This creates a signifi-
cant gap between official tax values and actual market values, leading to inequitable 
tax burdens and revenue losses. This study focuses on estimating the market value 
of residential properties using a data-driven approach, aiming to provide an alter-
native to the traditional, spatially insensitive valuation methods.

The current official property tax system in Türkiye relies on street- or avenue-
based general valuation definitions, assigning minimum unit values to entire streets 
or avenues while ignoring micro-locational variations. This approach assumes urban 
space to be homogeneous and fails to capture the relational and context-dependent 
nature of urban value, leading to both technical and social problems [49,  56,  57].

The aim of this study is to develop a method to estimate housing values in Is-
tanbul with high spatial resolution and objectivity, using a deep learning model in-
tegrated with Geographic Information Systems (GIS) and leveraging big data as an 
alternative to traditional valuation approaches. It also seeks to provide a theoretical 
contribution to understanding how value is produced in urban space and to estab-
lish a methodological basis for a fair, transparent, and updatable valuation system 
for use in urban governance.

The originality of this study lies in integrating GIS-based spatial variables into 
a DNN model explicitly designed for mass housing valuation in a complex metro-
politan environment such as Istanbul. Unlike previous research, which often relied 
on limited or subjective criteria, our model uses 24 objective spatial and structur-
al variables, rigorously validated through GIS-based consistency checks. This ap-
proach achieves high prediction accuracy (R² = 0.979) and offers a scalable, updata-
ble framework for practical applications in property taxation and urban governance, 
representing a significant advancement in the context of developing countries.

2.	 Background Information

Real estate and property taxes were used in Egypt, Babylon, Persia, China, and 
other parts of the ancient world  [58]. The practice of collecting real estate tax in 
proportion to the size and yield of a property originated in earlier periods of history 
through the determination of property boundaries and owners and the calculation 
of their areas through land registry and cadastre studies [59]. Seljuk and Ottoman 
land systems also collected taxes directly or indirectly by identifying real estate in 
a similar manner [60]. Real estate taxation, a practice with historical roots, continues 
to be applied in nearly all countries today.
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In Türkiye, the current property tax system operates on a street-by-street and 
plot-by-plot basis, with transactions overseen by property tax determination and as-
sessment commissions [61]. However, the institutional and legal framework of Tür-
kiye’s real estate valuation system exhibits several shortcomings. The technical in-
frastructure of the property tax system is inadequate, indicating a clear need for 
modernized public registries using information technology and a shift toward mass 
property valuation  [28]. These structural deficiencies result in significant discrep-
ancies between official tax values and market values, especially for non-standard 
properties [62].

Under the current property tax system in Türkiye, transactions are conducted 
on a street-by-street and plot-by-plot basis, and the property-tax determination and 
assessment commissions face several operational problems [61]. In the valuation of 
non-standard properties for taxation purposes, substantial disparities arise between 
market value and assessed tax value [62]. Real estate appraisal, which involves meas-
uring real estate in monetary terms, is a commercial activity. This activity is gov-
erned by the legal framework established under Law No. 6585 on the Regulation of 
Retail Trade. With this regulation, an important step has been taken to ensure that 
real estate trade is carried out safely and systematically by registered businesses [63]. 
Article 11 of the regulation aims to facilitate the supervision and control of real estate 
trade by establishing the Real Estate Transaction Information System (RETIS). There 
are deficiencies in the real estate appraisal sector in terms of law and management. 
Mass appraisal may be beneficial in ensuring the time, cost, and fairness of valuation.

As shown in Table 1, various criteria have been considered in many different 
studies, some of which are more objective and tangible, others more subjective and 
interpretable (based on the appraiser’s opinion). Usually, property tax on land in 
Türkiye is assessed every four years based on the street or avenue where the parcel 
is located. In contrast, property tax value is calculated by determining the minimum 
unit value per square meter of streets and avenues, despite heterogeneity in value. 
All these transactions are carried out through commissions consisting mainly of civil 
servants from different institutions. The commissions define the minimum property 
tax value for streets and avenues. Therefore, the property tax base for each parcel 
can be calculated. If a building is on the parcel, the building’s value, which is the ba-
sis for property tax, is calculated using annual catalogs based on information such as 
the type of building and the year of construction, and other relevant characteristics. 
Under this method of calculating current property tax, market values and publicly 
available property purchase and sale prices are not taken into account, resulting in 
significant losses in property tax collection.

In the globalization of valuation activities, the Royal Institution of Chartered 
Surveyors (RICS), the Appraisal Foundation (TAF) in the United States, the Euro-
pean Group of Valuers’ Associations  (TEGOVA), and the International Valuation 
Standards Council (IVSC) have become recognized standard-setting and profession-
al organizations [64].
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3.	 Methods

This chapter describes the study area, data collection process, and the analytical 
methods employed for model development and evaluation.

3.1.	 Study Area
The study area was determined as Istanbul, the city with the largest housing 

stock and the highest number of houses for sale in Türkiye. Information (not person-
al data) on the web pages of commercial enterprises that mediate the purchase, sale, 
and rental of real estate was used in the data collection phase. In these open-source 
databases, it was determined that there were approximately 700,000 houses for sale 
in Türkiye and 120,000 in Istanbul in 2024 [65]. From this large dataset, some dis-
tricts of Istanbul and some neighborhoods within these districts were selected as the 
study area, and a non-homogeneous dataset was obtained through random sam-
pling [66, 67] as shown in Figure 1.

Fig. 1. Study area

This sampling approach ensured that our dataset was both spatially diverse and 
truly representative, thereby enhancing the quality of our analysis.
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3.2.	 Data Collection
In the real estate valuation problem, property value is the dependent variable, 

and the criteria that constitute this value are the independent variables. In real estate 
valuation, the independent variables may vary depending on the characteristics of 
the property to be valued. What is important at this stage, in the context of this pa-
per, is to eliminate subjective criteria and solve the valuation problem with purely 
metric and categorical variables. Several criteria are widely used in the preparation 
of real estate valuation reports, and there are no regulations that require the use of 
criteria. The most important consideration in real estate valuation is the correct and 
accurate determination of the property’s value within a single valuation report. 
Therefore, in this study, the criteria presented in Table 2 were determined by con-
sidering the objective determination of real estate value through a method based on 
objective, metric criteria to the greatest extent possible. The selection was grounded 
on a comprehensive review of the real estate valuation literature and the authors’ 
prior expertise, ensuring that only objective, measurable, and spatially explicit vari-
ables were included, thereby minimizing subjectivity.

Table 2. Criteria used for housing valuation

Metric criteria Categorical criteria

housing locational / 
spatial features Euclidean relations [m] housing service features

	– latitude [m]
	– longitude [m]
	– total number of floors
	– located floor
	– gross area [m2]
	– net area [m2]

	– distance to religious facilities
	– distance to market / bazaar
	– distance to healthcare facilities
	– distance to educational facilities
	– distance to recreational areas
	– distance to urban transportation
	– distance to shopping centers / malls
	– distance to university
	– distance to intercity transportation 

	– within the site
	– security service
	– pool
	– fire escape
	– car park
	– sports facility
	– building age
	– elevator presence
	– number of rooms

The data utilized in this study were sourced from publicly accessible prop-
erty listings on the Sahibinden.com website. The collection was conducted using 
web-scraping techniques for academic research purposes, adhering to the website’s 
robots.txt guidelines. To uphold privacy and maintain ethical standards, all person-
al and sensitive data were excluded.

There are some potential inaccuracies (intentional or unintentional) in publicly 
accessible housing advertisements. In other words, in some advertisements, the prop-
erty’s location may be incorrectly reported, and in some advertisements, the proper-
ty data may be manipulated. Moreover, in some advertisements, the visual appear-
ance of the houses may be manipulated, and the property data may not be presented 
clearly. For this reason, in this research, advertisements created by property owners, 
contractors, or banks were considered, as they tend to be more transparent. On the 

http://Sahibinden.com
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other hand, the locations of the houses were checked using Google Earth tools to 
ensure the accuracy of the data contained in the advertisements. During data entry, 
the coordinate values provided by Google Earth were verified using the General 
Directorate of Land Registry and Cadastre (GDLRC) system, Parselsorgu [68]. By ob-
taining the house’s actual location and the zoning or cadastral block information that 
overlaps with it, false or manipulated listings were removed from the dataset. The 
location of some houses overlapped with green spaces, roads, sports venues, etc., 
contrary to the actual situation, so these types of advertisements were examined and 
excluded from the study. To load points of attraction, which are metric evaluation 
criteria, into the GIS  database, the determined criteria were first created as point 
data. Thus, the dependent variable, the price of houses for sale, and all independent 
variables were transferred to the GIS platform in the form of spatial, categorical, and 
textual data. Then, the Euclidean distances of the houses to the points of attraction 
were calculated. The Euclidean distances of all sample houses to the points of attrac-
tion were automatically calculated in the GIS platform, and the DNN method was 
used for analysis. In this study, we opted for Euclidean distance due to its simplicity 
and computational efficiency. However, future research could benefit from using 
network-based distance measures. This approach would provide a more nuanced 
understanding of real-world accessibility, particularly in topographically complex 
cities such as Istanbul, where the unique landscape and infrastructure may signifi-
cantly influence how people navigate and access various locations.

3.3.	 Data Analysis

Artificial intelligence should be considered as a field that includes machine 
learning and deep learning [69]. These concepts are intertwined, and each has been 
popular in different periods. The goal of machine learning is to enable computers to 
learn from past events, in other words, from experience, and improve their perfor-
mance for specific tasks [18]. Although there are various methods in property valua-
tion, it is clear that the three principal methods are commonly recognized. These are 
the comparison method, the income method, and the cost method, and they are typ-
ically applied to land (in rural areas), plots (in urban areas), and buildings, respec-
tively [19]. In various studies, advanced valuation methods based on statistics and 
machine learning are also used [27]. In recent years, advanced machine-learning al-
gorithms have been widely used to improve performance in real estate price predic-
tion [17]. For this purpose, many studies have analyzed the performance of current 
approaches such as support vector machines (SVM), random forest (RF), decision 
trees, Bayesian methods, genetic algorithms, Markov prediction models, artificial 
neural networks (ANN), and deep neural networks (DNN) [18, 19]. Therefore, var-
ious studies have shown that DNN models achieve higher levels of accuracy in real 
estate valuation [23]. For this reason, this study used the DNN method to estimate 
and predict real estate in Türkiye.
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The integration of GIS and DNN was implemented through the following steps:
1.	 Spatial Data Collection &  Validation: All spatial data (coordinates, parcel 

boundaries) were collected and rigorously validated using GIS tools to en-
sure locational accuracy.

2.	 Spatial Analysis: Euclidean distances from each house to various points of 
interest, such as schools, hospitals, and shopping malls, were calculated us-
ing the GIS platform. This methodology facilitated the generation of key lo-
cational variables, providing insights into the accessibility of these points of 
attraction.

3.	 Data Preprocessing for DNN: The processed spatial data, along with struc-
tural and categorical variables, were exported. Categorical variables were 
one-hot encoded, and numerical variables were normalized using z-score 
normalization.

4.	 DNN Model Training & Prediction: The preprocessed dataset was fed into 
the DNN model, implemented in TensorFlow/Keras.

3.4.	 DNN-Based Real Estate Price Prediction Method

Real estate price prediction at the city, region, or country scale is a complex 
problem associated with large datasets characterized by high complexity, uncer-
tainty, and nonlinearity [24]. In recent years, many models based on ANN architec-
ture have been designed to solve such problems, and the performance of different 
DNN designs has been examined [70, 71]. DNN, a supervised machine learning al-
gorithm, can learn directly from data and successfully model non-linear relation-
ships. In this process, it can model the input-output relationship for a very high 
number of samples without the need for explicit mathematical functions.

The basic learning rule of the DNN  algorithm is the gradient steepest de-
scent  (GSD) method, which constantly updates the weights and bias terms of the 
network with the error-based backpropagation, thereby minimizing the overall er-
ror of the network [72]. Thus, when supported by sufficient samples, DNN can make 
predictions with high accuracy while minimizing user-induced bias compared to 
other advanced machine learning algorithms.

A dynamic data acquisition approach capable of handling the large number 
of samples required by the DNN during training is preferred. As a matter of fact, 
various studies have developed automated data collection algorithms that leverage 
web-based services widely used in real estate sales and rental processes  [25,  26].

Using DNN provides several potential advantages [73]. DNNs learn from large 
datasets and therefore, provide higher accuracy rates than other methods. DNNs can 
automatically extract features from data, eliminating the need for manual feature 
extraction and helping reduce human error and improve performance. DNN can op-
erate effectively even on large datasets, thereby increasing scalability. DNN  can 
be adapted to various data types and problems. For example, a DNN trained for 



44	 Y.E. Çoruhlu, M. Dihkan, O. Yildiz, M.Ö. Çelik, H. Azadi

an image recognition problem can also be used for a language processing problem. 
DNN can automatically organize itself and detect relationships within data. It can 
make data-driven decisions and therefore produce more reliable decisions  [74].

3.5.	 Housing Price Prediction with DNN-Based Approach

In this study, an approach for predicting housing prices using a DNN-based 
regression architecture is discussed. For this purpose, a total of 3,757 samples with 
24 features, which are explained and found to be effective in housing price estima-
tion, were used. In the proposed approach, the dataset was first subjected to various 
preprocessing stages.

In the first stage, the attributes of the data were analyzed, and numerical and 
categorical variables were identified. Observations containing missing values in the 
dataset were automatically deleted. Then, the categorical features were one-hot en-
coded, and the dataset (x) was updated to 3,757 × 61, with n = 3,757 observations and 
m = 61 variables.

Since the numerical variables in the dataset span wide numerical ranges, each 
variable was normalized using the z-score normalization method (1) and reduced to 
a narrow numerical range. 

	 i
i

xz −µ
=

σ
	 (1)

where xi denotes the original data, μ is the mean value, and σ is the standard 
deviation.

This normalization resulted in all numerical features having a mean of 0 and 
a standard deviation of 1, improving model convergence.

3.6.	 Preparation of DNN Architecture and Performance Evaluation

After the preprocessing phase was completed, the DNN  architecture design, 
model training, and performance evaluation phases were carried out. All computa-
tional analyses were performed using Python. The DNN model was implemented 
using TensorFlow (backend) and the Keras library. Spatial analyses and data val-
idation were conducted in QGIS  3.28, and the geospatial database was managed 
in PostgreSQL with the PostGIS extension. For this purpose, the Scikit-Learn and 
Keras libraries, which are widely employed in machine learning, were used along-
side TensorFlow.

The Keras library includes many modules developed for different purposes, 
such as preprocessing, DNN layer creation, activation, and optimization [75]. In the 
design process of the DNN  architecture, the selection of ideal values for various 
hyperparameters, such as the number of hidden layers, the number of units per 
hidden layer, the optimizer, the learning rate, etc., is very important for the model’s 
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prediction performance and stability. Therefore, based on prior experience and mul-
tiple experiments, the model was designed with the hyperparameters listed in Table 3.

The designed network contains three densely connected hidden layers with 128, 
128, and 64 neurons, respectively. In the proposed model, the ReLU activation func-
tion was used in the input and hidden layers, and the linear activation function in 
the output layer. In addition, the Adam optimizer was selected for the model design.

To prevent the overfitting problem and to increase its generalization ability, the 
dropout technique was applied with a rate of 0.2 in the first and second hidden lay-
ers. Another hyperparameter affecting the learning capacity and speed of the de-
signed DNN model is the learning rate. By selecting the parameter in question as 
large and keeping it constant throughout the training process, the model can initially 
be allowed to learn quickly, but unrealistically high accuracies can be obtained. On 
the other hand, large fluctuations may occur in the model’s training error and accu-
racy during training. Therefore, instead of selecting a fixed learning rate during the 
training of the proposed DNN model, a variable learning rate strategy is used, reduc-
ing the initial learning rate using exponential decay. In this way, a very successful 
balanced trade-off was achieved between the learning rate and the model’s stability.

Table 3. Hyperparameters of the DNN model

Model parameter Feature

Number of layers 5

Number of hidden layers 3

Number of neurons in hidden layer 1 128

Dropout rate after hidden layer 1 0.2

Number of neurons in hidden layer 2 128

Dropout rate after hidden layer 2 0.2

Number of neurons in hidden layer 3 64

Activation function (except output layer) ReLU

Activation function (output layer) linear

Loss function mean squared error

Optimizer Adam

Initial learning rate 0.0001

Learning rate decay technique exponential decay

Exponential decay steps 800

Exponential decay rate 0.7

Number of epochs 50

Batch size 16



46	 Y.E. Çoruhlu, M. Dihkan, O. Yildiz, M.Ö. Çelik, H. Azadi

To demonstrate that the designed DNN model can provide optimal solutions 
with the selected hyperparameters, the k-fold cross-validation technique was used. 
For this purpose, after the preprocessed dataset was shuffled, 20%  was set aside 
as a hold-out set with random sampling, and the remaining 80% was subjected to 
k-fold cross-validation.

In k-fold cross-validation, k was set to 5, and training and validation were per-
formed with different parts of the dataset. At this stage, performance metrics (MAE, 
RMSE, R2, and adjusted  R2) were calculated for each fold and for overall cross-
validation and presented in Table 4. The results in the table show that the designed 
model architecture achieves consistent accuracy across different subsets of the da-
taset under the selected hyperparameters, and that its generalization potential is at 
the desired level.

Table 4. k-fold cross-validation accuracy

Score MAE RMSE R2 Adjusted R2

Fold 1 score 0.297 0.138 0.973 0.970

Fold 2 score 0.276 0.108 0.982 0.979

Fold 3 score 0.291 0.112 0.979 0.976

Fold 4 score 0.287 0.208 0.969 0.966

Fold 5 score 0.284 0.107 0.980 0.978

Cross-validated score 0.287 0.141 0.975 0.974

Holdout score 0.289 0.115 0.988 0.987

To evaluate the performance of the designed DNN model in the study, mean 
absolute error  (MAE), root mean squared error  (RMSE), R2, and adjusted R2 met-
rics were used. The formulas for these metrics are provided in Equations (2), (3), (4) 
and (5), respectively. MAE and RMSE are error measurements that reveal the mag-
nitude of error between the estimated values of the model and the actual values.

In addition, R², another measure that reflects the predictive performance of the 
model, represents the ratio of the variance in the dependent variable (y) explained 
by the independent variables (x). R2 expresses the extent to which the variance of one 
variable explains the variance of another variable. If there are more independent var-
iables in the dataset, the R2 value may improve unrealistically. The adjusted R2 value 
can be used to avoid this situation. Adjusted R2 provides a more realistic measure of 
model performance by considering the number of independent variables.
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In Equations (2)–(5), n is the number of samples, p is the number of independent 
variables, yi is the actual price value for sample i, yi is the predicted price value for 
sample i, iy  is the mean value of the dependent variable.

In the last stage, the dataset was shuffled again, and 80% was randomly set aside 
as training data and 20% as test data, and the final training of the designed model 
was performed for 50 epochs. In the final training stage of the designed DNN model, 
25% of the training data was used for validation.

When Figure 2 is examined, it is observed that the validation and test values 
show a consistent distribution during training and that the generalization capability 
of the designed DNN model is at a good level.

Fig. 2. Validation and test loss curves

In summary, the flowchart of the proposed approach for developing a new real 
estate valuation prediction model that can be the basis for property tax in the study 
area is shown in Figure 3.

Based on this process, the criteria derived from the literature and the authors’ 
experience in previous studies were considered. Then, prior studies conducted by 
the authors and findings from the literature were used to select the criteria. There-
fore, the categorical and metric variables used in the research were defined as inde-
pendent variables. All the data were collected and stored in the Geographic Informa-
tion Systems (GIS) database. From the obtained data, the samples used in the DNN 
training and testing process were determined by random sampling method. Then, 
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the creation, training, and testing of the DNN were completed. In the step, the esti-
mation results were imported into the GIS database. The DNN can now be used to 
estimate the prices of different houses.

Fig. 3. Methodological process

4.	 Results

In this study, the data obtained from the portals were not directly included 
in the database during the automated data acquisition process; instead, they were 
first subjected to various consistency analyses based on location and data attributes. 
For example, in an advertisement where one or more of the data attributes, such as 
the neighborhood, street, block, parcel, site name, etc., were present, the relevant 
location area boundaries and the location data added to the advertisement were 
automatically checked using a GIS-based approach.

In addition, advertisements with similar features were evaluated together, and 
those with outlier location or price data were eliminated. As a result of all these pro-
cesses, the descriptive statistics of the numerical variables are presented in Table 5.
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A boxplot was created to illustrate the distribution and dispersion of property 
prices within the study dataset (Fig. 4). The plot indicates a right-skewed distribu-
tion, showing that while the majority of housing prices in Istanbul cluster between 2 
and 8 million TRY, there are several high-value outliers representing luxury proper-
ties, particularly in waterfront and central districts. An extreme value of approxi-
mately 260 million TRY marks the upper limit of the dataset. However, as evidenced 
by the high R² and low-error metrics, the DNN model’s robustness was not signifi-
cantly affected by this skewness, allowing it to effectively capture the underlying 
price patterns across the diverse range of values.

Fig. 4. Boxplot of housing prices in Istanbul

A heatmap of the correlations among the independent metric variables used 
in the study is presented in Figure 5. It shows the pairwise correlation coefficients 
between these variables. This visualization helps identify significant relationships, 
such as highly positive or negative correlations, and provides insights into potential 
multicollinearity or independence between variables.

Based on the results, the neighborhoods with concentrated housing sales activ-
ity in Istanbul, which has the highest population and the highest number of houses 
for sale in Türkiye, were selected as the study area. In this way, the largest possible 
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number of samples was obtained in a short period using classical data acquisition 
methods and verified data sources. In addition, the study identified the necessary 
and sufficient criteria that can explain housing value at an optimal level, drawing on 
the housing valuation literature and accounting for the unique characteristics of 
web-based data. In the proposed approach, the reliability and quality of the sample 
data were assessed using various analyses, including GIS-based automatic spatial 
data analysis techniques during the preprocessing stages. Then, a DNN regression 
architecture capable of making predictions based on both geographical and non-
geographical features was designed.
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Fig. 5. Heatmap of correlation between numerical variables  
(variable definitions – see Table 5)

To evaluate the predictive performance of the designed DNN architecture on 
the test dataset, we calculated commonly used performance metrics in the literature, 
MAE and RMSE, which were 0.083 and 0.135, respectively. Low values indicate high 
predictive accuracy, whereas high values indicate low accuracy. Therefore, the ob-
tained MAE and RMSE values indicate that the DNN prediction model can make 
predictions with very low errors in the proposed approach.

In addition, the R2 and adjusted R2 values, which are widely used in regression 
analysis, were calculated as 0.979 and 0.977, respectively. The R2 value indicates the 
extent to which the dependent variable (estimated housing value) is explained by 
the independent variables. In other words, this value indicates that 97.9% of the 
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variation in the estimated housing value in the proposed DNN model is explained 
by the 24 selected features.

In addition, in a prediction model with multiple independent variables, the ad-
justed R2 metric uses the number of independent variables to counteract the unre-
alistically increasing R2 that may result from adding more predictors. In this way, 
it provides a more realistic measurement of the model’s goodness of fit.

In this study, the 97.7%  adjusted R2 indicates that the independent variables 
explain a significant portion of the variation in the dependent variable without over-
fitting. As a result, the relationship between the prices calculated for the 3,757 sam-
ples in the test dataset and the actual prices predicted by the designed DNN model 
is shown in Figure 6.

Fig. 6. Differences between actual prices and estimated values

In the study, the sales and purchase advertisements for houses on publicly ac-
cessible web services that mediate real estate were considered as a large data source. 
In the province of Istanbul, which was identified as the study area, advertisements 
for 3,757 houses for sale were taken into consideration, and all manually obtained 
data were entered into the GIS database.

The possibility that some criteria could negatively affect accuracy, be subjective, 
lack clear metric or categorical definitions, or be difficult to obtain was considered 
in detail during the selection of criteria. For example, criteria such as proximity to 
roads, proximity to major roads, maintenance cost information, view quality, and 
sunlight exposure, which posed challenges during data acquisition, were excluded 
from the evaluation.

Some criteria that were correlated with one another and thought to have very 
little effect on the house’s value were not taken into consideration. Ultimately, the 
selected criteria achieved maximum accuracy with a minimal set of metrics. The 
R2  values express the extent to which the predicted housing price (dependent 
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variable) is explained by the independent variables. The DNN model developed in 
this study demonstrates strong predictive performance, with R² and adjusted R² val-
ues of 0.979 and 0.977, respectively.

In addition, the DNN algorithm using the selected criteria can predict housing 
prices with an MAE of 8.3% in the study area, lower than the legislative expectation 
of  20%. Thus, without the need for the classical property tax method applied in 
Türkiye, property tax can be calculated based on market value assessments from the 
legal and technical perspectives.

In calculating the real estate tax base values of houses with DNN, there is no 
need to determine minimum unit values per square meter for streets and avenues, 
conduct assessments by tax commissions every four years, use annual construction 
cost catalogs, or apply revaluation rate adjustments. Thus, in an approach that fa-
vors DNNs, dynamic estimation can be made without the need for traditional mul-
tivariate valuation models. The effect of the time value of money and inflation is 
eliminated thanks to the constantly updated dynamic database.

5.	 Discussion

Housing valuation is a concrete reflection of socio-economic inequalities in ur-
ban space. As noted by [76–78], in densely populated and rapidly changing cities 
such as Istanbul, current official valuation systems often fail to capture market reali-
ties. The study’s findings show significant differences in housing values across acces-
sibility, environmental factors, and spatial location. The development of digital data 
sources and the proliferation of web-based, publicly accessible advertisement portals 
have increased the usability of spatial big data in urban research. The study by [79] 
explored the opportunities and challenges presented by location-based big data 
(LocBigData) for smart cities. A study by Longley [80] highlighted the significance of 
data infrastructure for smart cities and pointed out the risks posed by uncertainties 
related to the origin, ownership, and control of data sources, particularly concerning 
scientific reproducibility and data reliability. However, these data sources are not 
suitable for direct use without verification and cleaning, as stated by [81, 82].

In this context, the data cleaning and location verification processes using GIS 
employed in the study make a significant contribution to ensuring reliability in 
spatial analysis. The proposed DNN-based model estimated housing values with 
lower error rates compared to classical valuation methods. In the study by [83], the 
DNN model demonstrated greater success in predicting housing values, achieving 
an accuracy rate of 90–95% compared to traditional estimation methods. Our study 
found an accuracy of 97.9%, indicating strong model performance. Similarly, [22] uti-
lized machine learning, deep learning, and hedonic approaches for housing valua-
tion, and the results indicated that both ML and DL methods outperformed tradi-
tional techniques. Another study  [84] employed Geographically Neural Network 
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Weighted Regression (GNNWR), a deep learning-based method, and found that its 
estimation accuracy surpassed that of conventional methods.

These findings indicate that advanced machine learning and deep learning 
methods can be used effectively in urban data analytics. Moreover, as the study 
shows, spatial variation in housing values is directly related to variables specific 
to urban geography, such as proximity to transportation infrastructure and social 
amenities. Therefore, this study not only proposes a prediction model but also pro-
vides an innovative methodological framework for understanding and mapping 
intra-city value inequalities. This framework can also pave the way for the develop-
ment of more equitable and spatially based tax policies for local governments.

Based on the results, in recent years, for large datasets, it is recommended to 
construct datasets using automated techniques whenever possible. However, such 
an approach could not be used in this study due to the security measures of the por-
tals that provide open-source data: all data for this study was obtained manually. 
As [85] noted in studies using DNNs on large datasets with spatial and textual data, 
a large number of samples is essential for achieving higher prediction accuracy.

However, the accuracy of the sample data filtered from a data warehouse, the 
reliability of the data source, and the internal consistency of the data are also ex-
tremely important [85]. To ensure data reliability and consistency when estimating 
the value of the house, attention should be paid to the availability of samples in the 
geographical location of the house for sale or in areas very close to it. Thus, the sam-
ple can be internally validated. Moreover, by using the parcel where the house for 
sale is located, along with houses for sale adjacent to or near the relevant parcel 
as sample data, it is possible to perform internal consistency checks to determine 
whether the data is meaningful and reliable.

Therefore, when collecting open-source data, a sampling strategy that includes 
as many data sources as possible and that offers opportunities for control is useful 
to follow. Based on [83], developing effective housing value estimation approaches 
to large metropolitan cities or countries, and applying them quickly and with high 
accuracy in an ecosystem where instant purchase and sale processes occur, is very 
important. For this purpose, using data from web-based real estate purchase and 
sale portals in the development and testing of the proposed prediction models can 
provide significant benefits  [86,  87]. These platforms can comprehensively collect 
spatial and descriptive data for houses as open-source inputs within voluntary GIS-
based frameworks [88].

6.	 Conclusions

All immovable property as a source of wealth, including plots and land as well 
as constructed real estate such as shops and residences, is a basic tax source of state 
revenue in almost all countries. Taxation provides governments with the necessary 
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resources to sustain public functions. One of the important parts of tax is real estate 
tax, which is generally calculated in proportion to the property’s value. However, 
it may be calculated using prices below the real value, since the actual value of real 
estate may not be known.

Although the inadequacy of the real estate tax calculation method used in Tür-
kiye is well recognized, the closeness of prices advertised on web-based real estate 
purchase, sale, and rental platforms to market values is also evident. Despite uncer-
tainties in exact transaction prices, real estate portals in Türkiye provide large-scale 
datasets covering a wide range of property transactions. Despite this potential, the 
public authority responsible for calculating real estate tax has relied on the same 
method for about fifty years. Open-source, non-personal transaction data from these 
platforms is not currently utilized.

While one advantage of big data on these platforms is that public authorities can 
use it without high cost or effort, concerns regarding data reliability, quality, and the 
preprocessing required to make the data usable can be considered disadvantages. In 
other words, in addition to the inadequacy of the classical property tax system, the 
use of innovative housing price prediction algorithms may also create some problems. 
From this point of view, the performance metrics determined in deep learning and 
real estate valuation studies for integrating the classical property tax calculation meth-
od in Türkiye with modern data mining methods were considered jointly to develop 
an approach that addresses these limitations and aligns with the study’s objectives.

In the study, the sales and purchase advertisements for houses in open-source 
web services that mediate real estate were considered as a large data source. In 
the province of Istanbul, which was designated as the study area, advertisements 
of 3,757  houses for sale were analyzed, and all the data obtained manually were 
transferred to the GIS database. The possibility that some criteria might negatively 
affect accuracy, be subjective, lack clear metric or categorical definitions, or be diffi-
cult to obtain was carefully evaluated during the selection process.

For example, criteria such as proximity to roads, proximity to major roads, 
maintenance costs, view quality, and sunlight exposure, which presented challeng-
es during data acquisition, were excluded from the analysis. Some criteria that were 
correlated with one another and were thought to have little effect on the house’s 
value were not taken into consideration. Ultimately, the selection process achieved 
maximum accuracy with a minimal set of objective metrics.

The R2 values express the extent to which the predicted housing price (depend-
ent variable) is explained by the independent variables. The DNN  model devel-
oped in this study demonstrates strong predictive performance, with  R2 and ad-
justed R2 values of 0.979 and 0.977, respectively. In addition, the DNN algorithm 
using the selected criteria can predict housing prices with an MAE of 8.3% in the 
study area, which is lower than the legislative expectation of 20%. Thus, property tax 
can be calculated based on market value estimation without relying on the classical 
methods applied in Türkiye, from both legal and technical perspectives.
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In calculating the real estate tax base values of houses with DNN, there is no 
need to determine the minimum square meter unit values of streets and avenues, 
conduct assessments by real estate tax committees every four years, use annually 
published construction cost catalogs, or determine revaluation rates for updating 
real estate tax calculations in interim years. Therefore, a DNN-based approach ena-
bles dynamic estimation without relying on traditional multivariate valuation mod-
els. The effects of time value of money and inflation are eliminated by using a con-
stantly updated dynamic database.

To develop the real estate tax system, it is recommended that public authorities 
create DNN-based models similar to the one proposed in the study and utilize data 
from web-based real estate platforms. This would enable continuous data provision 
and support a sustainable open-source and voluntary data infrastructure. It should 
also be considered that this database should be managed within a structure capa-
ble of operating in conjunction with other e-government platforms. Such a system 
would not only increase real estate tax collection but also enhance revenue from 
land registry transactions.

It is recommended that researchers working on real estate valuation using 
modern methods investigate various valuation criteria and real estate types, build-
ing on the findings of this paper. Collaboration between the public and private 
sectors to automate the acquisition of open-source data and accelerate data provi-
sion and verification processes should be considered a key priority. All these pro-
cesses may be implemented through secure web-based databases integrated with 
e-government systems and operated under the supervision of responsible national 
institutions.
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