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ARTICLE INFO ABSTRACT 
Keywords: In recent years, machine learning algorithms have been used in the mass appraisal of real 

estate. In this study, 5 machine learning algorithms are used for residential type real estate. 
Machine learning algorithms used for mass appraisal in this study are Artificial Neural 
Networks (ANN), Random Forest (RO), Multiple Regression Analysis (MRA), K-Nearest 
Neighborhood (k-nn), Support Vector Regression (SVR). To test the study, real estate data 
collected from the central districts of Ankara, were used. The main purpose of this study is to 
find out which machine learning algorithm gives the best results for the mass appraisal of real 
estates and to reveal the most important variables that affect the prices of real estate. 
According to the results obtained for the city of Ankara, it was observed that the best 
algorithm for mass appraisal is RF in residential-type real estates, followed by the ANN, k-nn, 
and linear regression algorithms, respectively. According to the results obtained from the 
residential real estate, it was concluded that heating and distances to places of importance
had the greatest effect on the value.   
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1. Introduction 
In recent years, research carried out with traditional 
methods have been replaced by methods called 
Machine Learning (ML) in many branches of science. 
In particular, as the data size grows, a new research 
branch called big data has emerged and the effects, 
such as speed and performance degradation, 
observed with traditional methods in applications 
related to large data have been increased by using ML 
algorithms. The usage areas of ML algorithms are 
quite wide. Many different algorithms of ML are used 
in many different applications such as medicine, 
engineering, finance, sociology, etc. One of the areas 
where ML algorithms have been used in recent years 
is the real estate valuation area (Kontrimas & Verikas, 
2007; Yılmaz & Bostancı, 2023). ML algorithms 
generally deal with large data groups, and in real 
estate valuation processes, the valuation process can 

be done individually as well as in mass form. When 
many properties are valued collectively, it is called 
mass valuation, or more commonly, mass appraisal. 
Also, mass appraisal with the ML algorithm are crucial 
for sustainably, and sustainably is the awareness 
around this concept is raised as it is a living, changing 
and growing concept (Gültekin et al., 2017). For 
instance, Unel and Yalpir (2023) explored sustainable 
mass appraisal systems for taxation, while Sisman et 
al. (2023) conducted a study on the development of a 
novel hybrid model for mass appraisal in real estates, 
specifically in the context of sustainable land 
management. 

The mass appraisal of real estate study was carried 
out using one of the ML algorithms - Artificial Neural 
Networks (ANN) - for the first time by Borst (1991). 
After this study, the number of mass appraisal studies 
using the ANN algorithm has increased. Researchers 
observed, in their scientific publications, that the ANN 
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algorithm gives successful results in the mass 
appraisal of real estate (Ahmed S et al., 2014; 
Bilgilioğlu & Yılmaz, 2023; Lam et al., 2008; McCluskey, 
1996; Morano & Tajani, 2013; Musa et al., 2013; Özkan 
et al., 2007; Sampathkumar et al., 2015; Saraç, 2012; 
Selim, 2009; Tabales et al., 2013; Tay & Ho, 1992; 
Torres-Pruñonosa et al., 2021; Valier, 2020; Varma et 
al., 2018; Wilson et al., 2002; Xin & Runeson, 2004). On 
the other hand, some researchers compared the ANN 
algorithm with the regression method and observed 
that the ANN algorithm did not contribute much to 
the mass appraisal result (Lenk et al., 1997; McCluskey, 
1996; Worzala et al., 1995). As can be understood from 
the literature, although the majority of researchers 
who observed that the ANN algorithm gave good 
results in mass appraisal, there were also researchers 
who observed that ANN did not contribute too much. 

Some researchers, who have found that the ANN 
algorithm generally performs better in mass appraisal, 
have started to try ML algorithms other than ANN in 
recent years. For example, 16,601 real estate data from 
purchase and sale transaction records for flats with 26 
variables between 2006 and 2017 were used for mass 
appraisal, and it was found that the Random Forest 
(RF) algorithm (Breiman, 2001) could be a useful 
complement to hedonic models (Dambon et al., 2022; 
Hong et al., 2020). Sawant et al. (2018)  conducted a 
mass appraisal study using the RF algorithm with a 
high number of data (29,680 sales and 55 variables) 
and observed that the RF algorithm gave very good 
results in valuation processes. Iban (2022) compared 
RF and the tree-based algorithm with regression, and 
observed that ML algorithms perform better than 
classic regression methods. Ravikumar (2017), on the 
other hand, used RO, Support Vector Machines (SVM), 
ANN, and multiple regression (MR) methods for the 
mass appraisal of 49,980 real estates collected from 
real estate sales websites in the United States (USA) 
and observed that the RF algorithm gave better results 
than SVM and ANN. Some authors collected 
12,223,582 ads from Brazilian real estate websites 
from 2015 to 2018 and compared 24 variables of 
these real estates with the RF and Recurrent Neural 
Network (RNN) algorithms. Dellstad (2018) used RF, 
ANN, and SVM algorithms in mass appraisal, and the 
researcher collected 57,974 samples with 44 variables 
in Switzerland, with the observation that the RF 
algorithm gave the best results. Hong et al. (2020) also 
observed that the RF method was more acceptable 
than the hedonic models for real estate mass appraisal 
studies. The SVR, RF, XGBoost, LightGBM, and 

CatBoost algorithms were combined and tested with 
data on 57,000 apartments in Seoul by Hong and Kim 
(2022). Gnat (2021) claimed that machine learning 
methods such as Knn and XGBosst gives more 
accurate result than multiple regression models.  

As can be seen from the literature, the ML 
algorithms commonly used in mass appraisal studies 
are RF, ANN, and SVR. In this study, the aim is to 
compare the frequently used ML algorithms, which are 
RF, ANN, SVR, k-nn, and MR analysis for Turkish 
residential real estate data. The central districts of 
Ankara (capital of Turkey) province were chosen as the 
study area and the variables and values of the real 
estate were obtained from a reliable real estate 
Internet data portal. A raster-based value map was 
produced using the interpolation method as the 
output product of the study. 
2. Machine Learning Algorithms 
Machine learning, artificial intelligence, and deep 
learning have been frequently used in many fields for 
the last 30 years. Although these three terms are 
similar to each other, there are differences between 
them. Artificial intelligence is in a higher position to be 
more inclusive; it can be defined as a technique that 
mimics human behavior. Machine learning, on the 
other hand, as the name suggests, is making 
predictions as a result of a learning process. Deep 
learning, on the other hand, can be defined as a 
technique that uses neural networks to reveal 
characteristic features in the data. Artificial intelligence 
is a broader term that encompasses machine learning 
and deep learning. 

Solving problems with large amounts of data 
manually, one by one, is seen as a waste of time. 
Instead, it seems more appropriate to create a model 
by using a certain amount of data and to make a value 
estimation for the remaining data. Machine learning is 
a branch of artificial intelligence that determines the 
connection between input data and its results within 
an algorithm.  
2.1. Random Forest Regression 
RF is a machine learning algorithm, and is a type of 
decision tree. It is used in many different fields such as 
finance, health sciences, thematic maps, electronics, 
mechanical engineering, physics, and biology. RF was 
developed by Breiman in 2001, and an improved 
version of the bagging method invented by Breiman 
(1996). It is considered one of the algorithms with the 
highest accuracy in ML (Breiman & Cutler, 2005). RF 
achieves the result by generating more than one 



 

 

REAL ESTATE MANAGEMENT AND VALUATION - vol. 32, no. 2, 2024 
eISSN: 2300-5289 | © 2024 The Author(s) | Article under the CC BY 4.0 license 102 

decision tree, and is called a “forest” algorithm 
because of the use of many decision trees. In the RF 
algorithm, the user is asked how many trees (N) there 
will be and the number of variables (m) to be used in 
each node. Each tree is created with randomly 
selected variables from the training data. 

The results are obtained with the RF algorithm, and 
the model is created by calculating the weights of the 
variables of the data at the end of the created N trees. 
When looking at the results of each tree, the result in 
the RF classification machine learning type is obtained 
with the highest probability; on the other hand, in the 
RF regression machine learning type, the result is 
obtained by taking the average from each tree. Unlike 
pixel-based RF classification, RF regression is an 
object-based process. In the regression algorithm, the 
results and the variables are given to the machine, and 
the machine learns from these data and tries to find 
the result for the remaining test data. For regression 
tasks, the final prediction is often the average of the 
predictions from all the trees. Mathematically, if the 
predictions are denoted of individual trees as yi, the 
prediction of the Random Forest ensemble (𝑦ො) can be 
expressed as the average for regression: 
𝑦ො ൌ

ଵ

ே
∑ 𝑦ప

௡
௜ୀଵ  (1) 

2.2. Artificial Neural Network Algorithm 
ANN is an ML algorithm derived from the structure of 
the biological human brain. As in many ML algorithms, 
the learning process is modeled mathematically. ANN 
starts with the modeling of neurons, which are the 
biological units of the human brain. It is one of the 
most widely used ML types in many fields today. It is 
an ML algorithm that is frequently encountered in 
many areas, such as data mining, optical character 
recognition, direction determination in robots, 
communication, internet of things, diagnosis of 
diseases, classification of trees and the valuation of 
real estates. 

To better understand the ANN algorithm, it is first 
of all necessary to examine the biological brain nerve 
cell. A biological nerve cell consists of a body, an axon, 
dendrites, and many nerve cells. The extensions 
between the nerve cell and the nerve end are called 
axons. Dendrites transmit incoming signals to the 
nucleus. The task of the nucleus is to collect all 
incoming signals and transmit them to the axon. 
These collected signals are processed by the axon and 
sent to the synapses. Synapses also transmit newly 
produced signals to other nerve cells. The axon 
processes these signals and presents them as output. 

ANN is formed as a result of simulating real biological 
cells. 

The ANN algorithm consists of 3 main layers, i.e. 
the input layer, hidden layer(s), and output layer. The 
number of hidden layers is chosen as 2 in many 
studies. Weighting is performed between the input 
layer and the hidden layers and all variables are 
associated with each other. The number of neurons in 
the input layer is equal to the number of inputs. Each 
neuron belongs to an input. The inputs are 
transmitted to the hidden layer without any 
processing. The hidden layer, on the other hand, 
processes the information it receives from the input 
layer and transmits it to the next layer. The number of 
neurons in each hidden layer varies. The number of 
neurons in this layer is higher than the number of 
neurons in the input and output layers. The weights 
form the intelligence of the ANN algorithm. The 
learning ability of the ANN algorithm is directly 
related to the weights. ANN can be calculated as in 
the following formulas.  

Input layer; x is the input feature vector.  
𝑎ሺ଴ሻ ൌ 𝑥 (2) 

Hidden Layers; For each hidden layer l, compute 
the weighted sum of inputs: 
𝑧ሺ௟ሻ ൌ  𝑊ሺ௟ሻ𝑎ሺ௟ିଵሻ ൅ 𝑏ሺ௟ሻ (3) 

Finally an activation function (σ)  is applied. 
𝑎ሺ௟ሻ ൌ σሺ𝑧ሺ௟ሻሻ (4) 
2.3. Support Vector Regression Algorithm 
The Support Vector Machine (SVM) algorithm is a 
popular ML algorithm. Although the SVM algorithm 
was used for classification at first, it started to be used 
in regression problems over time and was widely used 
as an SVR algorithm. It can be said that the SVR 
algorithm is the regression of the SVM algorithm.  

SVMs solve binary classification problems by 
formulating them as convex optimization problems 
(Vapnik, 1998). The SVM algorithm is often used in 
pattern recognition, object recognition and text 
recognition. SVM is generally an algorithm developed 
to separate two different classes. The SVM algorithm 
tries to find the optimal hyperplane to distinguish 
between the two classes. It is a method based on 
estimating the best-fit function for separating classes. 
Functions used to separate classes can be linear or 
non-linear. Linear solutions are easier and simpler 
than non-linear ones. 

Although the SVM algorithm is generally used for 
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classification problems, it can also be used for 
regression problems; this is achieved by giving an 
alternative loss function (Gunn, 1998). In the SVR 
algorithm, a hyperplane function is used as in the 
classification problems. In addition, (ℇ) is the amount 
of deviation from the target (Figure 1). 
𝑦 ൌ 𝑓ሺ𝑥ሻ ൌ 𝑤. 𝑥 ൅ 𝑏 (5) 

The error value is added to both sides on the 
hyperplane as follows. 
𝑦௜ െ 𝑤𝑥௜ െ 𝑏 ൑ 𝜀 𝑖𝑠𝑒  (6) 
െ𝑦௜ ൅ 𝑤𝑥௜ ൅ 𝑏 ൑ 𝜀 (7) 

For the solution, it is necessary to minimize the 
weight w. 
𝑚𝑖𝑛௪ ൌ

ଵ

ଶ
‖𝑤‖ଶ (8) 

 
Fig. 1. Support Vector Regression and Error Parameter 

Representation. Source: own study. 
 

2.4. K Nearest-Neighbors Algorithm 
Although the k nearest neighbor algorithm, briefly k-
nn algorithm, is generally used for classification 
problems, it is also frequently used in the literature for 
regression problems. The k-nn algorithm uses "feature 
similarity" to estimate the value of any new data point. 
For this new point with an unknown value, a value is 
assigned based on how close it is to the points in the 
training set. 

The K-nn regression algorithm consists of 3 main 
steps in the stage; these are; 

1. Calculation of the distance between the point to 
be estimated and each training point. 

2. Selection of the K closest points by distance. 
3. Estimation of the new point by averaging the 

selected data points. 
One of the biggest advantages of the k-nn 

algorithm is that it operates with fewer parameters 
compared to other ML algorithms. In the k-nn 
algorithm, the k-value and a distance metric are 
sufficient. The biggest disadvantage is that it needs 
more memory and storage space. 

Some frequently used distance calculation 
methods in the k-nn algorithm are as follows: 

– Euclidean distance 
It is the most widely used measure of distance. It is 

calculated as the square root of the sum of the 
squared differences between a point (x) and an 
existing point (y) using the following formula. 
𝑑ሺ𝑥, 𝑦ሻ ൌ  ඥ∑ ሺ𝑦௜ െ 𝑥௜ሻଶ௡

௜ୀଵ  (9) 
– Manhattan distance 
The Manhattan distance is another popular 

measure of distance that measures the absolute value 
between two points. It is also called taxi distance, or 
city block distance as it is commonly visualized with a 
grid showing how a person can get from one address 
to another via a city street and is calculated using the 
following formula. 
𝑑ሺ𝑥, 𝑦ሻ ൌ  ∑ |𝑦௜ െ 𝑥௜|

௡
௜ୀଵ  (10) 

– Minkowski distance 
The Minkowski distance measure is a 

generalization of the Euclidean and Manhattan 
distance metrics. The p parameter in the formula 
below allows other distance measurements to be 
created. The Euclidean distance is represented by this 
formula when the p-value is equal to 2 and the 
Manhattan distance is shown as the p value equal to 1. 
𝑑ሺ𝑥, 𝑦ሻ ൌ ሺ∑ |𝑦௜ െ 𝑥௜|௣௡

௜ୀଵ ሻଵ/௣  (11) 
2.5. Multiple Regression Analysis 
Multiple regression analysis is a method used to 
model the relationship between two or more variables. 
Regression, which is also included in the statistical 
method group, is basically a classical machine learning 
model. Regression analysis can be divided into two 
types, simple and multiple regression. Multiple 
regression can be divided into three groups as linear, 
semi-logarithmic, and full logarithmic. Multiple 
regression is commonly preferred in real estate 
valuation studies. Studies have revealed that real 
estate value estimation is a non-linear problem in 
general (Čeh et al., 2018; Kontrimas & Verikas, 2011; 
Yu & Wu, 2016). In this study, 3 different regression 
estimations described below were tried. In the 
literature, generally linear and semi-logarithmic 
regression analysis were used for mass appraisal of 
real estate, and very limited studies were conducted 
with full logarithmic regression type. Therefore, 
another goal in this study is to determine which model 
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is more accurate for mass appraisal of real estate with 
regression models. 
2.5.1. Linear Regression Analysis 
Linear regression analysis is one of the basic 
regression analyses and commonly used in many 
research areas. The formula of the linear regression for 
mass appraisal valuation is shown below. In this 
formula, the value of n real estate (Value) is the 
dependent variable, using the weights of β0 ,β1,…,βn  
and X's show the independent variables, the 
parameters that affect the value of the real estate. 
𝑉𝑎𝑙𝑢𝑒௜ ൌ 𝛽଴ ൅ 𝛽ଵ𝐴𝑟𝑒𝑎ଵ ൅ 𝛽ଶ𝑛𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑟𝑜𝑜𝑚𝑠ଶ ൅ ⋯ ൅
𝑏௡𝑋௡ ൅ 𝜀 (12) 
2.5.2. Semi-logarithmic Regression Analysis 
In nonlinear models, the models shown with the 
following formula, called semi-log, are used. In the 
equation below, a is the constant term, b is the slope 
coefficient and ℇ is the error term. When estimating 
the real estate value, some researchers in the literature 
used linear models, while others tried non-linear 
models. 
𝐿𝑜𝑔௬ ൌ 𝑎 ൅ 𝑏ଵ𝑋ଵ ൅ 𝑏ଶ𝑋ଶ ൅ ⋯ ൅ 𝑏௡𝑋௡ ൅ 𝜀 (13) 
2.5.3. Logarithmic Regression Analysis   
Logarithmic regression is a type of regression used to 
model situations where growth or deterioration first 
accelerates and then slows down over time. It has 
been seen that it is used in the literature, although it is 
not very common in real estate mass appraisal; 
therefore, in this thesis, the data were tested and 
analyzed with full logarithmic regression. 

𝐿𝑜𝑔௬ ൌ 𝑎 ൅ 𝑏ଵ𝐿𝑜𝑔𝑋ଵ ൅ 𝑏ଶ𝐿𝑜𝑔𝑋ଶ ൅ ⋯ ൅ 𝑏௡𝐿𝑜𝑔𝑋௡ ൅ 𝜀 
 (14) 
2.6. Quality Analysis for Machine Learning 
Algorithms 
Quality control analysis was performed to compare 
machine learning algorithms. For this comparison, the 
metrics shown with the formulas below are calculated 
for each of the ML algorithms. Thus, it was analyzed 
which of the methods was more successful. 

– Mean Square Error 

𝑀𝑆𝐸 ൌ
ଵ

ே
∑ ሺ𝑦௜ െ 𝑦ො௜ሻଶே

௜ୀଵ  (15) 

In this equation, MSE is mean square error, N is the 
number of data tested, yi is the observed value, and yො୧  
is the value estimated using the ML algorithms. In 
other words, MSE measures the mean square 

difference between known and predicted values. This 
formula measures the variance of the residuals. 

– Root Mean Square Error 

𝑅𝑀𝑆𝐸 ൌ ටଵ

ே
∑ ሺ𝑦௜ െ 𝑦ො௜ሻଶே

௜ୀଵ  (16) 

In this equation, the RMSE is the Root Mean 
Squared Error, N is the number of data tested, yi is the 
observed value, and yො୧ is the value estimated using the 
ML algorithms. The root mean squared error is 
calculated as the square root of the mean squared 
error and serves to quantify the standard deviation of 
residuals. 

– Mean Absolute Error 

𝑀𝐴𝐸 ൌ
ଵ

ே
∑ |𝑦௜ െ 𝑦ො௜|

ே
௜ୀଵ  (17) 

In this equation, MSE is Mean Absolute Error, N is 
the number of data tested, yi is the observed value, 
and 𝑦ො௜ is the value estimated using the ML algorithms, 
and measures the average of the residual values in the 
test data. 

– Coefficient of Determination (R2): 
This is a widely known quality control method that 

measures the performance of regression models, also 
known as the coefficient of certainty. It is a value used 
to measure the performance of the model. 

𝑅ଶ ൌ 1 െ
∑ ሺ௬ഢෞି௬തሻమ೙

೔సభ
∑ሺ௬೔ି௬തሻమ  (18) 

In this formula, yi represents the observed values, 𝑦ො 
values calculated from the regression equation and, 
𝑦ത shows the mean of the data. 

– Adjusted R2 
R 2  is a statistical method that calculates the 

variance ratio for a dependent variable explained by 
the variables in a model. While the correlation checks 
the relationship between the independent and 
dependent variables, the number of variables is more 
prominent in the adjusted R2 formula. Additionally, the 
quality of the model is tested with the corrected R2.     
𝑅ଶ ൌ 1 െ ሺ1 െ 𝑅ଶሻ ∗  ቂ

ሺ௡ିଵሻ

௡ି௞ିଵ
ቃ (19) 

In this formula, n represents the number of data 
and k represents the number of variables external to 
the dependent variable in the model. The coefficient 
of determination and the corrected R2 are expected to 
be between 0 and 1. An R2 value approaching 1 
indicates the suitability and reliability of the model. 
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3. Study Area and Data 
In this study, the study area was marked by the 
borders of Highway 20 (O-20) to cover the central 
districts of Ankara. The central districts of Ankara are: 
Altındağ, Çankaya, Etimesgut, Gölbaşı, Keçiören, 
Mamak, Sincan and Yenimahalle. The study area was 
created to cover the main centers of Gölbaşı, Sincan 
and Etimesgut districts and all the other districts. In 
Figure 2, the official administrative provincial border 
of Ankara Province and the boundaries of the study 
area are shown. As can be seen in the figure, the study 
area covers a large area, namely the center of Ankara. 
The study area is calculated at 699.03 km2. Ankara's 
housing market is one of the rapidly rising provinces 
(Atasoy & Tanrıvermiş, 2024).  In Ankara, 83,502 
houses were sold in the year 2022, and many new 
houses were constructed (Tursun, 2023).  

Real estate data of Endeksa for the last 5 years, 
which is a popular and confidential company of house 
sales in Turkey, were used. Residential type real estate 
values and their properties were obtained from the 
Endeksa company database for the province of 
Ankara. There is a total of 1,315,675 housing data. 
Data are shown in Figure 3 as point features. As can 
be seen in the figure, the data nearly the study area of 
Ankara province. Therefore, the data are very 
comprehensive, and their results will contribute to the 
literature. 

There are 22 variables related to residential type 
real estate; these variables are shown in Table 1. Real 
estate variables can be numerical or categorical. 
Categorical data must have a numerical equivalent in 
order to be processed. 

 

 
Fig. 2. Display of the study area with the official provincial border of Ankara. Source: own study. 
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Fig. 3. Spatial representation of real estate data within the study area Source: own study. 

 
Table 1 

Variables of residential type real estate 
No Variable Unit Variable Data Type 
1 Residential area m2 numeric 
2 Number of living rooms Piece numeric 
3 Number of bathrooms Piece numeric 
4 Total number of rooms Piece numeric 
5 Age Number numeric 
6 Elevator 0-1 (yes-no) Categorical 
7 Open parking lot 0-1 (yes-no) Categorical 
8 Closed parking lot 0-1 (yes-no) Categorical 
9 North facing status 0-1 (yes-no) Categorical 
10 South facing status 0-1 (yes-no) Categorical 
11 East facing status 0-1 (yes-no) Categorical 
12 West facing status 0-1 (yes-no) Categorical 
13 Floor number of the real estate Number numeric 
14 Total number of floors Number numeric 
15 The closest distance to parking areas m. numeric 
16 The closest distance to university campuses m. numeric 
17 The closest distance to places of worship m. numeric 
18 The closest distance to schools m. numeric 
19 The closest distance to shopping malls m. numeric 
20 The closest distance to subway stops m. numeric 
21 The closest distance to hospitals m. numeric 

22 Heating Type 
10,20,30,40,50,60,70, 
80, 90, 100, 110, 120, 
130, 140 

Categorical 

Source: own study. 
 

3.1. Parameter Selection in Machine Learning 
Algorithms 
Two common parameter selection methods used in 
ML algorithms are the grid search and random search 

(Lerman, 1980). In this study, parameter estimation 
was carried out using the grid search method, which 
gives more optimum results (Chen et al., 2022). 
Random search is similar to grid search, but instead of 
using all points in the grid, it only tests a randomly 
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selected subset of those points. The smaller this 
subset, the faster the optimization, but also less 
accurate. A grid search is the process of scanning data 
to configure optimal parameters for a particular 
model. The grid search is applicable across machine 
learning to calculate the best parameters to use for 
any model, not just one type of model. The grid 
search generates a pattern on every possible 
combination of parameters. It iterates each parameter 
combination and creates a model for each 
combination, and determines the parameters of the 
most successful model.  
3.2. Validation of the Data Sets 
Cross-validation is a process that can be used to 
estimate the quality of machine learning (ML) 
algorithms. The results of cross-validation can be 
utilized to select the best parameter values set. K-fold 
cross-validation is a standard method for estimating 
the performance of ML algorithms on a dataset. The 
K-fold cross-validation procedure divides a limited 
dataset into K non-overlapping folds. While all other 
folds are collectively used as a training dataset, each 
of the K folds is given the opportunity to be utilized as 
a validation set. In this study, 5-fold cross-validation 

was employed, and a schematic of this method is 
illustrated in Figures 4 and 5. 

In this study, data were tested and analyzed using 
5-fold cross-validation. To explain more explicitly, 80% 
of the data was used for training, and 20% for testing. 
The 20% testing and 80% training portions were 
iteratively swapped five times to test the performance 
of Machine Learning (ML) algorithms. Error metrics 
were calculated and averaged in each iteration. 
𝐸𝑟𝑟𝑜𝑟 ൌ

ଵ

ହ
∑ 𝐸𝑟𝑟𝑜𝑟௜

ହ
௜ୀଵ  (20) 

4. Results 
Out of 1,315,675 housing data in total, 80% was used 
as training data and 20% as test data. In other words, 
for all ML algorithms, 1,052,540 of 1,315,675 
residential properties were used to test the ML 
algorithms and create the model, while 263,135 were 
used for testing. As mentioned before, the grid search 
method was used for parameter estimation in ML 
algorithms, and the parameters obtained as a result of 
this method are shown in the table below. For 
residential real estate, the optimum parameters tried 
with the grid search and obtained as a result of the 
grid search are given for each ML algorithm (Table 2). 

 

 
Fig. 4. Display of important places in the study area. Source: own study. 

 



 

 

REAL ESTATE MANAGEMENT AND VALUATION - vol. 32, no. 2, 2024 
eISSN: 2300-5289 | © 2024 The Author(s) | Article under the CC BY 4.0 license 108 

Fig. 5. The distribution of data as training and test sets in algorithms and cross-validation. Source: own study. 
Table 2 

ML algorithms hyper parameter selection for real estate data 
Algorithm Parameters for Grid Search Parameter Used 

ANN 

Number of neurons in hidden layers: 44,66,88 Number of neurons in hidden layer: 66 
Number of hidden layers: 2 

Activation function: Identity, logistics, tanh, relu Activation function: 66  
Alpha: 0.001,0.0001,0.00001 Alpha: 0.001 
Learning rate: 0.01,0.001,0.0001 Learning rate 0.01 

K-nn N- neighborhood: 4,8,12,16,20,24,28,32 Distance: 
euclidean, manhattan 

N-neighborhood: 8 
Distance: euclidean 

SVR Kernel: linear, poly, rbf, sigmoid 
Gamma: scale, auto 

Kernel: linear 
Gamma: scale 

RF N_estimators (number of trees): 50,100,150,200,250 N_estimators: 200 
Source: own study. 

Table 3 
Comparison of ML algorithms for mass appraisal of residential real estate 

  R2 Adjusted R2 MSE RMSE MAE 
RF 0.8126 0.8125 1,409,005 1187 763 
ANN 0.7617 0.7615 1,791,277 1338 922 
k-nn 0.6544 0.6543 2,598,203 1611 1122 
Linear Regression 0.5256 0.5252 3,566,780 1888 1326 
Semi-log Regression  0.4933 0.4932 3,785,642 1945 1321 
SVR 0.2997 0.2997 5,231,685 2287 1532 
Log-log Regression  0.2734 0.2733 5,863,194 2421 1620 

Source: own study. 
 
Residential real estate mass appraisal application 

was carried out using 1,315,675 houses and 22 
variables belonging to these real estates data. For this 
purpose, 5 different ML algorithms were tested. 
Separate quality analyses were performed for these 
algorithms, and the comparison of quality metrics has 
been shown in Table 3. When the R2 metric shown in 
this table and the other metrices is examined, it is 
seen that the most successful ML algorithm for 
residential type real estate is the RF algorithm, and the 
ANN algorithm is the second most successful 
algorithm, with the obtained model proving to be 

reliable. On the other hand, it has been determined 
that k-nn and SVR algorithms do not give reliable 
results for this data set and variables. The SVR 
algorithm, on the other hand, was the algorithm with 
the longest computation time in model estimation. 
Other metrics such as MSE, RMSE and MAE are very 
similar to each other, and these metrics also show the 
quality of the algorithms. MAE is an especially useful 
quality metric for commenting on the results. 
According to MAE, there is only a 763 Turkish liras 
average difference between the calculated value and 
the observed values. 
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4.1. Real Estate Value Map 
At the last stage of this study, a value map with real 
estate values and housing type was created within the 
study area of the boundaries of the Ankara province. 
In raster-based maps, since all pixels will take a value, 
a value map can be obtained by using the nearby real 
estate values by using the interpolation method. 
Interpolation methods are very diverse and, in this 
study, unknown values were calculated using the 
known values with the Inverse Distance Weighting 
(IDW) method and a raster-based value map was 
created for the study area. In this way, a residential 
real estate value map was created for the province of 
Ankara, because there is sufficient and homogeneous 
data on the value of only the housing. 

In Figure 6, the raster-formatted value map was 
created and shown as an example, using the IDW 
interpolation method for the data used in the study. 
On this map, the red values show the highest TL/m2 
value. It can be easily seen from the map that the 
housing values in Mustafa Kemal, Emek, and Beştepe 
locations are very high. 

 

 
Fig. 6. Residential real estate value map for the study area. Source: 

own study. 

5. Conclusions 
Over recent years, traditional methods in various 
fields, including real estate, have given way to more 
advanced techniques, such as machine learning (ML). 
The advent of big data, facilitated by technological 
advancements and increased data storage capabilities, 
has highlighted the inefficiencies of processing data 
with traditional methods, leading to time and labor 
losses. In the real estate sector, the surge in property 
values and the proliferation of quantitative and 
qualitative variables influencing these values have 
generated significant amounts of big data. In the 

context of Turkey, there is a notable absence of a 
dedicated institution responsible for the mass 
appraisal of real estate. Recognizing this gap, the 
present study is of paramount importance to the 
country. The research focuses on leveraging ML 
algorithms to determine the value of real estate, 
specifically conducting an analysis on mass appraisal 
of real estate data in the capital of Turkey, employing 
a substantial dataset. Five ML algorithms were 
employed, and the findings revealed the RF 
algorithm's effectiveness, particularly in assessing 
residential real estate in Turkey (R2=0.81). To achieve 
success in mass appraisal for Turkish real estate, the 
study identified the RF model with 200 trees as a 
successful tree-based model. The Artificial Neural 
Network (ANN) algorithm also emerged as an optimal 
approach, with the identified optimal parameters 
being 2 hidden layers comprising 66 neurons and a 
rectified linear unit (relu) activation function. 
Additionally, the study indicated that a linear 
regression model is more accurate for real estate 
appraisal in Turkey. Among the 22 real estate 
parameters analyzed, the study highlighted heating 
type and distances to important places as the most 
influential factors affecting real estate value. These 
parameters, as discerned by the RF algorithm, align 
with what prospective buyers prioritize when 
purchasing a house in Turkey. In summary, the study 
recommends the use of RF and ANN algorithms for 
the mass appraisal of Turkish real estate data across 
all cities. This approach aims to expedite the creation 
of a comprehensive value map for real estate, 
applicable in various areas within the real estate 
sector.  Future studies could further refine the 
application of RF and ANN algorithms for Turkish real 
estate mass appraisal, exploring the potential 
integration of additional variables and fine-tuning 
model parameters to enhance accuracy. Additionally, 
an investigation into the scalability and adaptability of 
these algorithms across different regional nuances 
within Turkey's diverse real estate markets would 
contribute to a more detailed understanding of their 
effectiveness on a broader scale. 
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