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This thesis studies the use of model stacking to improve the predictive performance
of regression models for real estate price prediction. Model stacking is an ensemble
method that aims to learn an optimal meta-model that combines the predictions
of multiple regression models. The objective was to compare several machine
learning models, including XGBoost, CatBoost, lasso regression, neural networks,
and support vector regression (SVR), in addition to model stacking and voting
regression. Model performance was evaluated using mean absolute error (MAE),
root mean squared error (RMSE), and the coefficient of determination (R?) on a real
estate dataset from Tampere.

The results indicate that the stacking ensemble outperforms individual base mod-
els and the voting regression model, achieving the highest R? score and the lowest
MAE. This demonstrates that model stacking effectively combines the strengths of
multiple base models, leading to more accurate predictions. However, all models,
including the stacking ensemble, showed limitations when predicting prices for high-
value properties, where performance was less robust due to the lack of such houses
in the dataset.

While model stacking improved predictive accuracy, it required significantly
longer training times compared to voting regression. Another drawback is the lack of
interpretability of stacking, particularly when using complex base models like neural
networks. Despite these limitations, stacking is found to be a suitable approach for
tasks where predictive accuracy is the primary goal and longer training times are
acceptable.

The thesis concludes by discussing potential areas for future research, including
the integration of macroeconomic variables, evaluation of multi-layer stacking archi-
tectures, and the inclusion of additional meta-features. The findings provide valuable
insights into the effectiveness of model stacking in real estate price prediction.

Keywords: model stacking, real estate, regression, machine learning, ensemble
methods
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1 Introduction

Predicting housing prices is a crucial problem in the real estate market, where accurate
price estimation plays a vital role in property investment and decision-making of
individuals buying or selling houses. The prediction task involves estimating the
value of properties based on a wide range of factors such as location, size, number
of rooms, house type and building materials. The steady development of machine
learning techniques over the years for tasks such as predicting real-estate prices
means there are number of high accuracy models to choose from. However, despite
the advancements, housing price prediction remains a challenging problem due to
the complex and noisy nature of the data as well as influencing factors such as macro
market trends.

To address these challenges and further improve predictive accuracy, model
stacking has emerged as a promising approach in recent years, especially in the
Kaggle competition community. Stacking is an ensemble learning technique that
combines multiple models to make even better predictions. Unlike ensemble methods
such as bagging or boosting, stacking trains a meta-model on the predictions of base
models, enabling it to combine their outputs in a potentially more effective way to
make the final prediction. This approach can lead to improved generalization and
robustness in predictions by addressing the limitations of individual models.

1.1 Research questions

While individual machine learning models like Extreme gradient boosting have
shown success in predicting house prices (Zaki et al. 2022), there is evidence
that combining multiple models can result in better performance (Yang et al. 2023).
Ensemble methods like voting regression aggregate predictions from different models
by using a simple averaging or voting mechanism. Model stacking, on the other hand,
provides a more sophisticated approach by training a meta-model to learn how to
effectively combine the predictions from multiple base models. This thesis explores
the effectiveness of model stacking in improving house price prediction accuracy
compared to simpler ensemble techniques like voting regression.

The research questions addressed in this thesis are:

Question 1: How effectively does model stacking improve the prediction accuracy
of models such as lasso, XGBoost, CatBoost, SVR, and neural networks?

Question 2: How does model stacking compare to voting regression in predicting
house prices, specifically in a relatively small dataset from Tampere, Finland?

To answer these questions, the thesis aims to implement and evaluate model
stacking applied to a real-estate dataset from Tampere. Furthermore, we use hyper-
parameter tuning to make sure we get the best performance out of each of the model.
Finally we compare the performance of model stacking with voting regression and
their individual base models using prediction accuracy evaluation metrics.



1.2 Thesis structure

Firstly, Chapter 2 reviews the existing literature and research related to house price
prediction and the use of model stacking in various regression tasks. The choice
of the models studied in this thesis is also justified in this chapter based on the
literature. Next, Chapter 3 presents the methodology, including data preprocessing
steps, exploratory data analysis, and the theory behind the machine learning models
used in this thesis. It also discusses the implementation of hyperparameter tuning and
evaluation metrics. In Chapter 4, the results of the study are presented, comparing the
performance of different models based on the evaluation metrics. Lastly, in Chapter
5, the results are interpreted, the limitations of the study are addressed, and possible
directions for future research are suggested.



2 Literature review

Predicting real estate prices is continuously advancing toward more accurate and reli-
able predictions using more and more sophisticated machine learning methods. Pai et
al. (2020) explored the use of machine learning techniques for predicting real estate
transaction prices, employing models such as Least Squares Support Vector Regres-
sion (LSSVR), Classification and Regression Trees (CART), General Regression
Neural Networks (GRNN), and Backpropagation Neural Networks (BPNN). Their
research, utilizing transaction data from Taichung, Taiwan, found that attribute selec-
tion significantly improved model performance. In particular, LSSVR outperformed
the other models in terms of prediction accuracy, highlighting the effectiveness of
support vector-based models for real estate price forecasting.

Similarly, Zaki et al. (2022) applied XGBoost, a powerful gradient boosting
algorithm, to predict house prices, comparing it with the traditional hedonic pricing
model. Their results showed that XGBoost significantly outperformed the hedonic
model, demonstrating its better predictive accuracy, regularization for overfitting,
and ability to handle sparse data.

As machine learning has evolved, ensemble methods like model stacking have
gained popularity for improving the predictive power of models. Stacking, first
introduced by Wolpert (1992), combines the outputs of multiple base models and
uses ameta-model to learn how to optimally combine their predictions. This approach
can improve prediction accuracy by utilizing the strengths of various algorithms, and
has been successfully applied to housing price prediction and other fields.

In their work, Yang et al. (2023) proposed a novel D-Stacking method, which
combines diverse models like XGBoost and BP neural networks to predict housing
prices. Their findings highlighted that stacking models with a variety of base learners
leads to more accurate predictions, reinforcing the idea that model diversity is critical
to improving ensemble performance.

Nnadozie et al. (2022) also utilized multi-level stacking for predicting real estate
prices, employing models such as XGBoost and LightGBM. Their results demon-
strated that stacking not only improves accuracy but also increases the model’s ro-
bustness. This supports the idea that stacking can significantly boost the performance
of models used for complex tasks such as real estate price prediction.

The success of stacking has been reproduced in other domains as well. Song et al.
(2024) used stacking and voting hybrid learning methods for landslide susceptibility
prediction, showing that ensemble techniques consistently outperform individual
models in terms of predictive power. Similarly, Park et al. (2023) employed a
stacking ensemble with models like Random Forest (RF), Support Vector Regression,
and CatBoost for predicting construction project costs, illustrating the performance
benefits of stacking.

Motivated by the success of model stacking in previous research highlighted
in this section, this study selects a diverse set of base models for the stacking
ensemble. The models selected for this research are lasso (Least Absolute Shrinkage



and Selection Operator), support vector regression (SVR), XGBoost, CatBoost, and
a feed-forward neural network.

Lasso (Tibshirani 1996), a linear model, is effective when dealing with high-
dimensional data that require feature selection. Additionally, its ability to prevent
overfitting through regularization helps the model to generalize to new data. Lasso
is also chosen because of its simplicity, making it a good baseline model to which
others can be compared.

Furthermore, SVR (Drucker et al. 1997) excels at capturing non-linear relation-
ships in data while maintaining robustness to noise, which is particularly important
in real estate price prediction. Its inclusion adds diversity to the ensemble, and it has
demonstrated strong performance in prior research, such as Pai et al. (2020).

XGBoost (Chen and Guestrin 2016) is a gradient boosting tree algorithm that can
handle complex and noisy data because of its boosting and regularization techniques.
Similarly, CatBoost (Prokhorenkova et al. 2019), another gradient boosting tree
method, is designed to handle categorical variables efficiently, which are common in
real estate datasets. CatBoost has additional technical improvements over XGBoost
that are reviewed in more detail in the Methodology section. Both of them are
recently developed models that have shown great performance based on the literature
reviewed.

Finally, the inclusion of a feed-forward neural network further improves the
ability to model complicated, non-linear relationships in the data. Rampini and Re
Cecconi (2022) demonstrated the effectiveness of artificial neural networks (ANNS)
in predicting real estate prices in the Italian housing market. In their study, they
compared three popular machine learning models: ElasticNet, XGBoost, and Neural
Networks using a dataset from two cities in northern Italy. Their results showed that
the ANN outperformed the other models in their task.



3 Methodology

3.1 Data and preprocessing

The data was collected from reported sales by real estate agents in Tampere between
9th November 2016 and 18th September 2024, by KVKL’s (Kiinteistonvilitysalan
Keskusliitto) Price Tracking Service; www.hintaseurantapalvelu.fi. This section out-
lines the steps taken to clean and preprocess the real estate dataset used in this study.
The data underwent several stages of preprocessing, including variable selection,
handling of missing values, transformation of categorical variables, and scaling of
numerical features. After the data preprocessing steps, the dataset was split into
training and testing sets, with 75% of the data used for training the models and
the remaining 25% for testing. The cleaned and preprocessed dataset contained 15
features, one target variable (total price) and 28 111 samples.

3.1.1 Data selection

The dataset initially contained a variety of features related to real estate listings, such
as property type, location, size, and price. For the purposes of this analysis, one
feature was removed based on initial feature importance values from CatBoost and
XGBoost. The remaining features were as follows:

* Property characteristics: Property type, Living area, Year of construction,
Number of rooms, Floor number, Total floors, Property condition, Building
material, Sauna, Balcony, Elevator, Beach.

* Geographic information: Neighborhood, Postal code.

* Transaction details: Total price, Maintenance fee, Transaction date.

3.1.2 Handling of categorical variables and one-hot encoding

Some categorical variables needed to be cleaned for consistency and to make them
usable in the modeling process. In particular, the variable Neighborhood had various
naming conventions, which were standardized by replacing inconsistent entries with
uniform labels. For instance, several neighborhood names such as "Amuri, pyynikki"
and "Amuri, keskusta" were combined into a single category "Amuri". Similarly,
the Building material column was cleaned by identifying and grouping recognized
building materials into short descriptive categories.

The floor variable was derived based on the values of floor number and total
number of floors. For buildings that were apartment complexes, the floor information
was categorized as "Ground", "Top", or "Middle", depending on the specific floor
number. For non-apartment properties, the value was set to "Not an apartment /
Unknown".



To address the issue of rare categories in categorical variables, categories that
appeared fewer than 12 times were grouped into a new category labeled Other. This
ensured that the model would not be overfitted by infrequent categories and that the
training set would have all categories in the testing set and vice versa.

One of the preprocessing steps for the categorical variables involved applying
One-Hot Encoding to transform these variables into a numerical format that can
be used in machine learning models. One-Hot Encoding creates binary (0 or 1)
columns for each category of the categorical feature, where a 1 is placed in the
column corresponding to the category of the observation, and all other columns are
assigned a 0. This ensures that the model does not assume any ordinal relationship
between the categories.

3.1.3 Missing and erroneous data handling

Missing values in the dataset were handled in various ways depending on the variable
type. For categorical variables, such as Beach, Elevator, Sauna, and Balcony, missing
values were imputed with FALSE, assuming that the absence of information implied
a lack of these features. For the Maintenance fee variable, missing values were
replaced with zero, reflecting properties with no maintenance fee.

Rows with extreme or invalid price values (e.g., prices less than or equal to one)
were filtered out of the dataset. Furthermore, clearly erroneous data was fixed. For
example, there were a few samples where the number of rooms was 11, but the living
area was so small that it was clear the property should only have 1 room. Likewise,
a row with living area of 1 was removed from the dataset.

3.1.4 Handling of numerical features

In preparation for machine learning models, the transaction date variable was con-
verted from a date format to a numeric representation. Additionally, two numerical
features, maintenance fee and living area, exhibited skewness in their distributions,
which could potentially affect model performance. The skewness was measured
using scipy.stats library’s skew function, which calculates the Fisher-Pearson
coeflicient of skewness:
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where m3 and m, are the sample central moments defined as:
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where x; represents each data point, x is the mean of the data, N is the number
of data points, and i is the order of the moment (Joanes and Gill 1998). To address
the skewness, a Box-Cox transformation was applied to normalize these features and
reduce skewness (Box and Cox 1964).



3.1.5 Feature scaling

To ensure that all features were on a similar scale, which is important for some
machine learning methods, the RobustScaler was applied to scale the numerical
features. The RobustScaler is part of the sklearn.preprocessing module in the
scikit-learn library and is used as shown in the code fragment below. Unlike the
StandardScaler, which scales features by removing the mean and dividing by the
standard deviation, the RobustScaler uses the median and the interquartile range
for scaling. This approach makes the RobustScaler more robust in the presence of
outliers compared to other scalers (Miiller and Guido 2016, pp. 133).

from sklearn.preprocessing import RobustScaler
transformer = RobustScaler().fit(train_x)
train_x = transformer.transform(train_x)
test_x = transformer.transform(test_x)

3.2 Exploratory data analysis

In this section, we summarize the exploratory data analysis steps performed in the
dataset, focusing on descriptive statistics, visualizations, and relationships between
key variables. The main goal is to gain initial insights and uncovering underlying
patterns in the dataset. This EDA was conducted before feature scaling or transfor-
mations.

3.2.1 Descriptive statistics

We started by examining the basic summary statistics of the numeric variables in the
dataset to understand the range, mean, and spread of the features as well as detect
potential outliers.

Variable Living Area Year built Rooms Total price Price per square meter Maintenance fee
Mean 70.22  1980.96 2.65 199 858.70 3020.35 206.86
Std Dev 35.46 25.18 1.18 110 041.50 1167.58 114.72
Min 12.00 1785 1 6 000.00 53.00 0.00
25th Percentile 48.00 1965 2 128000.00 2153.85 143.38
Median (50th) 62.50 1980 2 176 000.00 2901.41 209.30
75th Percentile 83.00 2002 3 242000.00 3703.70 275.20
Max 889.00 2024 8 1950 000.00 11 533.33 1133.30

Table 3.1. Summary statistics for numeric variables after data cleaning

Table 3.1 includes the mean, standard deviation, minimum, and maximum values,
as well as the 25th, 50th, and 75th percentiles for all numeric variables. We were able
to detect and clean some outliers using these statistics. We can also see skewness in
the house prices, as well as in the maintenance fee and living area variables.
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3.2.2 Visualizing the distribution of categorical variables

We first visualized the distribution of the property condition and type using a bar
plot.
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Figure 3.1. Bar plot of property condition variable.

from Figure 3.1 we can see that the vast majority of properties are evaluated as
Good with only small portion being New, Excellent or Adequate. Furthermore, we
can see from Figure 3.2 that most properties are either apartments (Kerrostalo) or
row houses (Rivitalo).

3.2.3 Visualizing relationships between variables

We used a scatter plot to examine the relationship between the living area and the

target variable. This plot helps to identify potential correlations or outliers between
these two variables.
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Figure 3.3. Scatter plot of living area vs. total price

From Figure 3.3, we observe a clear linear relationship between these variables,
as well as the high variability in the price. Outlier values were examined, but none
were removed or changed, as they could not be definitively classified as erroneous.

A box plot was used to visualize the distribution of price per square meter for the
five most common property types. This allows us to visualize of the price distribution

across different property types.
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Box Plot of Price per Square Meter for 5 Most Common Property Types
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Figure 3.4. Box plot of property type vs. price per square meter

We can see from Figure 3.4 the distributions are similar except for apartments
which has higher variance. In addition, apartments (Kerrostalo) and balcony access
blocks (Luhtitalo) have higher price per square meter.

We visualized the relationship between property condition and price per square
meter using a box plot. This plot helps us understand how the condition of a property
impacts its price.
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Figure 3.5. Box plot of property condition vs. price per square meter
(Neliohinta)

From Figure 3.5 we can clearly see that as the property condition goes down its



price per square meter decreases.
We also examined the relationship between the year of construction and price per
square meter using a scatter plot.

Year of Construction vs. Price per Square Meter (with 5-Year Running Mean)
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Figure 3.6. Scatter plot of year of construction vs. price per square
meter

From Figure 3.6, it is unsurprising to see that newly built houses are generally
more expensive. However, interestingly, houses that are around 100 years old or
older appear to be more expensive on average as well. This trend could be due to a
lack of data for houses that old, which might skew the results.

3.2.4 Distribution of house prices

A density plot was used to examine the distribution of the total price. This visual-
ization helps to identify the distribution and skewness of the target variable.

From Figure 3.7 we can see that the distribution appears to be otherwise close to
normal, but it shows a fair amount of skewness. We used a normal QQ plot to test
how well the total price variable follows a normal distribution. Any deviations from
the diagonal line indicate non-normality.
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Figure 3.8. QQ plot of total price

From Figure 3.8 we can see deviation from normality in each tail ends of the
graph. Because of this we applied a log transformation and visualized the results

using a QQ plot.
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Figure 3.9. QQ plot of log-transformed total price

As we can see from Figure 3.9 the target variable now follows a normal dis-
tribution more closely. Only the lowest quantile values show non-normality. The
transformed data is more suitable for modeling (Miiller and Guido 2016, pp. 232).

3.3 Theory of machine learning models

This section contains the theoretical background of the machine learning models
implemented in this thesis.

3.3.1 Model stacking

Model stacking, or stacked generalization (Wolpert 1992), is an ensemble learning
technique that combines multiple predictive models to improve overall performance.
The key idea behind stacking is to benefit from the strengths of different base models,
allowing them to compensate for each other’s potential biases and errors, leading to a
more robust overall prediction. Breiman (1996) extended the concept of stacking to
regression tasks by combining the predictions of base models using a simple linear
model.

A typical stacking regression framework consists of two levels: the first level
contains several base regression models, and the second level, often referred to as
the meta-model, uses their outputs as inputs to learn the optimal way to make the
final prediction (Brazdil et al. 2022, pp. 173-175). For example, the weights of a
simple linear regression meta-model are computed by:
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with 7-7(x;) being the prediction of the base model m on the dataset with the current
observation x; removed and M is the number of base models (Hastie et al. 2009,
pp- 290). To avoid training the M base models N times, it is common to use k-fold
cross-validation for training the base models. This approach still prevents overfitting
by ensuring that the predictions for each data point comes from a model trained on
a subset of the dataset that excludes that point, while also reducing the computation
required, as the base models are trained only k times instead of N. The stacking
regressor framework is illustrated in Figure 3.10 (Raschka 2018).
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Figure 3.10. Stacking regressor framework (Raschka 2018)

Naturally, a question arises about the choice of an appropriate meta-model. In
principle, any learning method can be applied. However, in practice, since most of
the data complexity is explained by the base models and the meta-model only acts
as a sort of final judge on how much trust to place in each base model’s prediction,

17



a simple linear model such as ridge regression is a suitable choice. (Witten et al.
2011, pp. 370-371)

A drawback of stacking is the lack of a standardized procedure for the choice of
the stacking architecture. Some studies have explored more complex designs, such as
multi-leveled stacking (Nnadozie et al. 2022) or the use of additional meta-features in
the meta-level (Sill et al. 2009; DZeroski and Zenko 2004). However, the benefits of
these approaches remain debated, as they tend to increase computational complexity
while yielding only marginal gains in predictive performance. Moreover, studies in
this area often differ in their experimental design and datasets, which complicates
direct comparison and generalization of results.

For this study, five diverse base models were chosen based on their unique
strengths, which are discussed in the Literature review section. These models are
implemented in the usual stacking framework. Ridge regression was chosen as the
meta-model because no additional meta-features were used, keeping the meta-level
task relatively straightforward.

3.3.2 Voting regression

Voting regression, or averaging, is a simple ensemble method that utilizes the pre-
dictions of multiple different regressors. Given M different regression models
{f1,..., fm}, with f;(x) being the prediction of regressor i for data point x, the
simple voting regression output is:

1 M
(3.1) Fx) = o2 ) fil).
i=1

We can introduce weights w; to each model in Equation 3.1:

M
(3:2) Fx) = ) wifi(x),
i=1

where the weights are usually constrained by

M
w; >0 and Zwi: 1.
i=1

(Zhou 2012, pp. 68-70.) The difficulty lies in defining the weights in Equa-
tion 3.2, and it is debated whether they offer significant improvements over simple
averaging. Generally speaking, if the individual regressors all perform roughly
equally well, then simple averaging is appropriate. On the other hand, if the models
perform with varying success, then a weighted approach might achieve better results
(Zhou 2012, pp. 71). Methods for defining weights usually include metrics on indi-
vidual model performance on the training set, for example Chen and Zheng (2025)
used relative root mean squared error rates to define the weights for averaging. In
this study we use simple voting regression as a comparison to model stacking.
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3.3.3 Ridge regression

Ridge regression is a regularization technique for linear regression models that in-
troduces a penalty to shrink the model coefficients in proportion to their size. This
method aims to improve prediction accuracy at the cost of higher bias. Ridge re-
gression can be applied to help combat problems of collinearity and over-fitting.
Mathematically, the ridge coeflicients are obtained by minimizing a penalized ordi-
nary least squares loss function:

n )4
(3.3) p=argmini b (vi=3)°+1 ) 5]
i=1 j=1

* y;: The observed values of the dependent variable.
* 9;: The estimated value of the dependent variable for the i-th observation.
* B;: The regression coeflicients for the j-th predictor.

e A: The regularization parameter, where 4 > 0, controlling the strength of the
penalty applied to the coefficients.

The second term, A Zle ﬂ?, is the penalty term, also known as L2 regularization.
Since the coeflicients are squared, larger coeflicients are penalized more than smaller
ones. The parameter A serves as a tuning parameter that controls the magnitude of
the penalty. The selection of A is critical, as it influences the trade-off between bias
and variance. Small values of A result in a solution that closely approximates OLS
regression, while larger values shrink the coefficients more significantly, introducing
bias but potentially improving predictive accuracy. Cross-validation can used to
determine optimal value of lambda. (Kuhn and Johnson 2013, pp. 123) Because the
ridge regression solutions are not equivariant under scaling of the input variables,
one usually standardizes the inputs before solving the Equation 3.3 (Hastie et al.
2009, pp. 63).

3.3.4 Lasso

Similar to ridge regression, the least absolute shrinkage and selection operator (lasso)
is a regularization technique that uses a slightly different penalty term in the loss
function (Tibshirani 1996):

n p
(3.4) B=argmin| 37 (vi =907+ 1) 181
i=1 J=1

The goal of lasso is to have the benefits of ridge regression of increasing prediction
accuracy by shrinking the model coefficients while also allowing coefficients to be
set to zero, thus working as a regularization technique and a feature selection method
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simultaneously (Tibshirani 1996). The penalty term in lasso causes the solutions to
be non-linear, although efficient computing algorithms for solving the coefficients as
A 1s varied have been developed (Hastie et al. 2009, pp. 68—69).

3.3.5 Support vector regression

The underlying theory for support vector machines (SVMs) was developed by
Vladimir Vapnik and Alexey Chervonenkis during the 1960s. The modern for-
mulation of SVMs was published by Vapnik and Cortes (1995). Originally, the
theory was developed for classification tasks, however, it was later extended to re-
gression tasks by Vapnik in 1995 and further developed by Drucker et al. (1997).
Much like the previously reviewed regression methods, the goal in support vector
regression (SVR) is to minimize a loss function. The difference is that we are indif-
ferent to errors smaller than some threshold €. This is called the epsilon-insensitive
loss function (Vapnik 2000, pp. 181-182).

Mathematically, SVR attempts to find a function f(x) = x’w + w( that minimizes
the following objective:

S RPN o .
(3.5) min = || +c;<§l+§,~),

where

* w is the weight vector,

e & and & are slack variables that allow some points to lie outside the epsilon
margin,
* C is aregularization parameter controlling the bias-variance trade-off.

These are subject to constraints:

Vi = Wxi —wo < €+
wxi +wo—y; < €+&;

&6 >0 Vi

y; represents the target value for each data point x;, and € defines the margin of
error within which the size of the errors do not effect the loss function. Higher values
of the regularization parameter C decrease bias and increase variance, while lower
values do the opposite.

The corresponding Lagrangian dual formula can be shown to have a form where
we minimize

N N

N
36 5 > (] —a) (@] —a)xx) +e Y (] +a) = Y yilaf — )
=1

ij=1 i=1 i
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subject to the constraints

N

Z:(a/;k —a;) =0

i=1
0<a;<C, 0<a;<C Vi,

where « and «; are Lagrange multipliers. The subset of the solution values
(a7 — a;) that are nonzero are called the support vectors and they can be used to
predict new values with

N
£y = (@] = i), xi) + wo.
i=1

(Drucker et al. 1997; Hastie et al. 2009, pp. 435-436)

We can estimate nonlinear relationships in the data using the so-called kernel
trick. Since our solution depends only on the inner products (x;,x;), we can solve
the problem in a higher-dimensional feature space, where the solution becomes more
linear. Using a kernel function K (x;, x;) , we can calculate the inner products in this
transformed feature space without having to explicitly compute the transformed data
points. Now the Equation 3.6 becomes

N N

N
37 = Z (@7 — i) (@) — @)K (x;,x;) + € Z(a’f +a;) = ) vile; —a;)
-

ij=1 i=1 i

and similarly we can predict new values with

N
F(@x) = > (af — @)K (x,x)) + wo.
i=1

The kernel function should be a positive semidefinite function. (Hastie et al.
2009, pp. 423-424, 436) A common choice, and one used in our models, is the
radial basis function (RBF), defined as:

(38) K(x,3) = exp (=l = xil1?).

where y is a tuning parameter governing the width of the kernels. A small
value of gamma implies wide and flat kernels resulting in a smoother model and the
opposite is true for large values of gamma. For further details see Hastie and Zhu
(2006). Fitting SVR to a nonlinear data using RBF kernel is visualized in Figure
3.11.
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Figure 3.11. Support vector regression visualized with the epsilon-
insensitive tube and slack variables &; and £;. Data was simulated from
a noisy sinusoidal function.

3.3.6 Gradient boosted regression trees

In order to explain XGBoost, we will first look at the simpler gradient tree boosting
method. In regression trees, the feature space is partitioned into rectangular areas,
where new data points are given a prediction based on the samples in that area. The
simplest prediction is just the average value of the samples in that rectangle. To find
the partitions, we start with the entire dataset D = (Y, X), where Y = (y1,y2,...,Yn)
is the dependent variable, and X = [x;;] are the predictors, withi = 1,2,..., N and
Jj=1,2,..., p, where p is the number of features. The data is then split into two by
going through every predictor X; and trying every value of those predictors as the
split point s. We select the split variable j and split point s by minimizing the sum
of squared errors. (Hastie et al. 2009, pp. 307)

(3.9) min| > i P ) G-,

X;€R1(],5) X;€R2(j,5)

where
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Ri(j,s) ={X|X; <s}, Ro(j,s) ={X1|X;>s}

and y; and y, are the average value of the data points in the regions R; and R».

We continue this process iteratively on each of the regions. In order to prevent
overfitting after the tree has been grown, it is pruned back to a smaller size, while
minimizing the loss in predictive performance. Breiman et al. (1984) describes a
method for pruning large trees in such a way, called cost-complexity pruning. The
cost-complexity of a tree is defined as

L
(3.10) Co(T) = D >, (yi=3)* +aL.

=1 x;€eR;
* [ is a terminal node (leaf node) of the tree 7.
* R; is the region corresponding to node /.
* y; is the average value of data points in the region R;.
* L is the number of terminal nodes in the tree.

 « is the regularization parameter.

We can find the smallest subtree 7, C T that minimizes C,(T) for a given value of «.
The regularization parameter governs the size of the optimal subtree. A small value
of « results in a larger tree with @ = 0 resulting in the original tree 7. Conversely
a larger value « results in smaller trees. We can use cross-validation to choose the
value of . (Hastie et al. 2009, pp. 308)

We can now formally represent trees as

L
(3.11) T(x {Ri}z) = D vil(x € Ry),
=1

where vy, is the prediction in the region R;. In gradient tree boosting trees are fit
in a forward stagewise manner and the boosted tree model is a sum of the built trees

M
(3.12) Fn(x) = Y T(x {Rin}fy)-
m=0

In each step we must solve the regions and corresponding constant predictions
for the next tree @, = {Rim, Yim}1-,

N L
(313)  Gn=ar %L“Z; L {0 Fut () + ZZ; Yind (xi € Rin) |
1= =
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where F,,_; is the current model. (Hastie et al. 2009, pp. 356-357) Finding the
regions for (3.13) is a difficult problem, so instead we fit the next tree in each step to
the negative gradient —g;,,, or to so called "pseudoresponses” or "pseudoresiduals”
using squared error loss (Friedman 1999, pp. 1193). Thus, (3.13) becomes

N L
(3.14) 6y = arg min Zl](—g,-m - ZZ; YimI (x; € Ri))?,
l: =

where

o lal:(yi, Fi (Xi))]
" OFn-1(x;)
for any differentiable loss function £. (Hastie et al. 2009, pp. 359) Because the
tree predicts constant values in each distinct region, the Equation 3.13 reduces to

(3.15) Fim = argmin >~ L (i, Fa1 (%) +7),
Y

xiele

when finding predictions given the regions Ry, (Friedman 2002, pp. 368-369).
For squared-error loss it can be shown that solution for (3.15) is

Pim = argmin > (i = Fpo1(x) =)
Y

xiEle
LS (= Fual) =1 =0
d)/ Xi€Rm
_ 1 Z
T Rl S

So optimal vy, is the average residuals r;,, in each region R;,,. Finally our current
model F,,_(x) is updated in each region with

L

Fn(x) = F1 () +v - > J1l (x € Rin),

I=1
where 0 < v < 1 is a regularization parameter that can be thought of as the

learning rate of the process (Friedman 1999, pp. 1203).

3.3.7 Extreme gradient boosting

Extreme gradient boosting (XGB) expands on gradient boosting from previous sec-
tion by adding a regularization term to the objective (3.13) and by using second-order
gradients to optimize the objective function. Formally the XGB objective in the m-th
iteration for the next tree @,, = {R;,, w;m}lL:l is

N
(3.16) Oy = argmin ) L(yi, Fu1 (%) + Fu(x) + Q(En),
"=l
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where

1
(3.17) Q(F) = aL + §/l||w||2,

with w being the leaf weights, oL being the cost complexity terms like in (3.10)
and A corresponding to L2 regularization used in ridge regression. Using the second-
order Taylor approximation we get

N
3.18) O, = argn@ﬁnz

m

1
Lyis Fn-1(x)) + gimFn (x;) + EhimFm(xi)z +Q(Fp),

i=1

Where g;,, and h;;,, are the first and second-order gradients on the loss function
respectively. The second-order gradient or Hessian is calculated as

(3.19)

o [52£(yi,Fm-1(xi))]
m aFm_l(xl)z .

The use of the second-order gradient, also known as Newton’s method, allows
for more precise and efficient optimization of the objective function (Goodfellow et
al. 2016, pp. 89-92). Expanding Q and F'(x), (3.18) changes to

N L L
~ . 1
O, = arg II@IIDZ [gim Wimd (x; € Ryp) + Ehim § leml(xi € Rim)
1=1 =1

"oi=1

L
1 2
+a/L+§/l ; Wi

Simplifying further we get

L
- . 1
(3.20) O,, = arg rg’lnn; [Glmwlm + E(Hlm + /l)wlzm

+ al,

where G = Yieq,, &im and Hyy = Yiep, him With Iy, = {ilx; € Ry}, From
here we can calculate for a given tree structure the optimal weights by differentiating
with respect to wy,, and setting the equation to zero.

Glm

321 By = —
(3.21) Wi Hy, + 1

Plugging the optimal weights to (3.20) we can calculate the optimal value as

- 1
(3.22) On =3 Z
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This equation can be used to measure the quality of a tree. As before when
constructing a tree, we use a greedy approach iteratively adding nodes to the tree. To
find the optimal splits we maximize the gain score

1| Gi G G2
- + + +
2|H,+4 Hp+1 H+2A

(3.23) gain = al,

where Gg, G and Hy, Hg are the sum of gradients and Hessians on the sets of
right and left indices after the split respectively. (Chen and Guestrin 2016)

Additionally, XGB can use an approximate algorithm for finding splits instead
of the exact greedy one. This can speed up computations when the dataset is large.
Furthermore, XGB can handle sparse data during the split-finding process by learning
an optimal default direction at each tree node. If a data value is missing, it is classified
into the default direction. XGB also implements feature subsampling, a technique
used in Random Forests, which helps prevent overfitting. To speed up computations
further, XGB supports parallel learning by storing the data in in-memory units called
blocks. For more details, refer to the original paper (Chen and Guestrin 2016).

3.3.8 CatBoost

CatBoost, developed by Yandex, is a gradient boosting tree algorithm designed to
handle categorical features effectively and to overcome overfitting caused by target
leakage present in gradient boosting methods such as XGBoost discussed in the
previous section.

One of the challenges faced by machine learning algorithms is the handling of
categorical variables. In general, machine learning algorithms require numerical
input, which requires the encoding of categorical features into numeric values, for
example, using one-hot encoding. However, one-hot encoding can result in a huge
number of features and sparse data. In their paper, Prokhorenkova et al. consider
target statistics to be an efficient method to address this issue. Target statistics simply
replace the categories xﬁc by estimating the expected target value )Ek of the k-th
training example for each categorical feature i. A simple approach is to estimate it
as the average value of y for data points with the same category xj'{, with a smoothing
prior p, as:

n
" Zj:] I{x;:x;{} : yj + ap
T " Ili_ivta
j=1 H{x=x}}

where a > 0 is a smoothing parameter, and p is commonly the average target
value in the dataset. (Prokhorenkova et al. 2019)

An issue arises with this technique as the target statistics are calculated using yy
which is the target for xi, resulting in target leakage, which can cause overfitting.
To address this, CatBoost uses ordered target statistics. The idea is to compute the
target statistic for x; on a subset of examples Dy C D \ {x;} excluding x;. This is
effectively done by introducing an artificial "time" through a random permutation o
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of the training examples. For each training example &, the target statistic is computed
using the preceding examples or "history" in the permutation, which is expressed as

Dy ={xj:0(j) <o(k)}.

i ijeDk I{xszx;(} "yjtap
xk =

ijeDk I{x;=x;(} ta

Another issue that Prokhorenkova et al. (2019) address is the target leakage
caused by calculating the gradients in tree boosting. The so-called prediction shift
occurs because, at each iteration of the boosted tree, the next tree is estimated using
the gradient which relies on the target values of the same data points the current
tree model Fy,—; was built on. Subsampling, which is also used by XGBoost does
not fully solve this problem. Instead, CatBoost introduces the concept of ordered
boosting, which is closely related to the idea of ordered target statistics. In ordered
boosting, CatBoost constructs each tree in a way that the gradients for a given data
point are based only on data that came before it in a randomly sampled permutation of
the training data. This ordered approach is applied both to the computation of target
statistics for categorical features and to the gradient estimation in boosting. To reduce
the potential variance that can be caused by relying on a single permutation, CatBoost
generates multiple random permutations. First, s + 1 permutations of the training
data are created. Permutations o7y, ..., o, are used for tree construction and oy is
used for computing the leaf values of the final tree. At each iteration of the boosting
algorithm, a permutation o, is sampled from {o7, ..., o5} and used to calculate the
target statistics for categorical variables. Then the next tree is constructed using
gradients that are calculated using only the previous examples in the permutation.
That tree is then used to update our current model. For further details and the full
algorithm, see (Prokhorenkova et al. 2019).

3.3.9 Feed-forward neural network

A neural network consists of layers of nodes (or neurons) that take numerical inputs
and output a value based on those inputs. These nodes are connected to form a
network in such a way that the outputs of one layer become the inputs for the next. In
a regression task, the final layer consists of a single neuron, and its output attempts
to estimate the target variable. The first layer of nodes also called the input layer
represents the feature vector of our dataset. The layers between the input and output
layers are called the hidden layers. In a simple feed-forward neural network (FNN),
information flows in only one direction, meaning there are no loops in the network.
We can represent the nodes in the hidden layers as weighted sum of inputs plus a bias
term. The weights and bias govern the output value of each node. Mathematically,
we write the j-th neuron zﬁ.l) of the layer [ as:
K
zﬁ.l) = Z w%)afl_l) + bﬁ.l),
i=1

where
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. w%): The weight associated with the connection between the i-th neuron in the
previous layer (/ — 1) and the j-th neuron in layer /. i = {1, ..., K}

. afH): The activation of the i-th neuron in the previous layer (I — 1).

. b;l): The bias term for the j-th neuron in layer /.

These neurons are then transformed using a non-linear differentiable activation
function f(z), which produces the output of the neuron. (Bishop 2006, pp. 227)

al = ).

An example of a common activation function is the ReLU (rectified linear unit):
f(x) = max(0,x). For regression tasks, the final output neuron does not have an
activation function, allowing the output to yield any real number.

To learn optimal weights and biases for each neuron we need to minimize the
loss function given N data points.

N
Z L(yi, 9i),
i1

where J; is the prediction of our network. Since finding the minimum analytically
is infeasible, we use gradient descent to take steps in the direction that maximally
minimizes the loss. To do this, we compute the partial derivatives of the loss function
with respect to the weights and to the biases and update those parameters by taking
a step towards the negative gradient. We start by computing the error at the output
layer and calculating the partial derivatives for the nodes using the chain rule.

l /
oo oL 0 0

O~ a2 A0 50
ijl. 6aj sz 6wjl.

! !
o oL a0 5
O~ g () 4 (D gD
ob i da ; 0z i ab].
Using these derivatives, we can then calculate the partial derivatives for the

neurons in the previous layer starting with the output.

oL i o 9 0z
8a§l_l) = aay) (9Z;l) Gal(l_l) ,
where N; is the number of nodes in the layer /. This process continues iteratively
through each layer, from the output layer back to the input layer, updating the gradients
at each step. This method of propagating the gradient from output backwards is
known as backpropagation. Finally, we update the weights using the computed
partial derivatives.

o _ oL

Wl el . 22
J J 5W§.i)
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where > 0 is the learning rate. (Bishop 2006, pp. 236-245) Learning with
gradient descent can be done in batches or online. A batch can refer to the entire
dataset or to a minibatch, which consists of randomly and uniformly drawn samples
from the training set (Goodfellow et al. 2016, pp. 152). Online learning, on
the other hand, updates the models weights after each individual training sample.
Learning is done by iterating over the training samples multiple times with one
iteration being referred to as an epoch. It is common to initialize weights with
small random values near zero, which makes the model start out nearly linear and
gradually become nonlinear as training progresses. Starting with large weights can
lead to poor solutions due to instability during training. Furthermore, standardizing
inputs to have zero mean and unit variance improves training by ensuring balanced

(1) o _ .
bJ. <—bj n

regularization across all input features and allowing for meaningful initialization of
weights. (Hastie et al. 2009, pp. 397—400) Since the loss surface often contains
many local minima, it may be necessary to run gradient descent multiple times with
different random initializations to find a sufficient minimum (Bishop 2006, pp. 240).

To prevent overfitting, early stopping is often used, which halts training before
the model reaches the global minimum of the loss function. This can be done
with a validation set, as rising validation error signals overfitting. Another effective
regularization method is dropout, which offers a computationally efficient way to
prevent overfitting. During training, dropout randomly "drops" non-output neurons
by setting their output to zero, effectively simulating different sub-networks each
time a minibatch is processed. This process is repeated across training iterations
using a random binary mask to determine which units are active. The probability
of dropping nodes is a fixed hyperparameter. Instead of training multiple models
independently, dropout trains sub-networks that shares parameters, making it more
memory-efficient than traditional bagging. (Goodfellow et al. 2016, pp. 246-248,
258-259)

3.4 Research implementation and hyperparameter tuning

The research was conducted following the flowchart shown in Figure 3.12. Initially,
the data was collected and then cleaned. Exploratory data analysis was performed on
the cleaned dataset, which helped identify additional features that required cleaning
and provided further insights for subsequent preprocessing steps. After preprocess-
ing, initial models, XGBoost and CatBoost, were trained to assess feature impor-
tance. One feature that did not contribute to model predictions was dropped. Next,
the models underwent hyperparameter tuning. The tuning process began with the
base models, followed by stacking, where the meta-model was fine-tuned. Finally,
the optimized models were trained and evaluated. The results were then analyzed,
leading to conclusions that address the research questions.
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The models were implemented in Python us-

ing several key libraries: xgboost, catboost, Data Collection
scikit-learn, and TensorFlow Keras. The 1)
hyperparameter tuning process was con- Data cleaning
ducted using cross-validation techniques with )
GridSearchCV(GSCV),LassoCV, and RidgeCV. Exploratory Data Analysis
Cross-validation is a statistical technique used 1

to assess the performance and generalizability Data Preprocessing
of machine learning models. In k-fold cross- T

validation, the dataset is randomly divided into

k equal-sized folds. The model is then trained Feature selection

k times, each time using k — 1 folds for training v

and the remaining fold for testing. This process Hyperparameter tuning

is repeated for each fold, and the overall perfor- v

mance is averaged across all k iterations (Hastie Model Iommg

et al. 2009, pp. 241-242). o vt
GSCV, a method from scikit-learn, au- T

tomates the process of hyperparameter selection
by exhaustively searching through a user-defined
grid of parameters. It performs cross-validation
for each combination of parameters and returns
the set that yields the best performance based on
a scoring metric, in this case, the negative mean
squared error.

GSCV was used to tune the hyperparame-
ters for SVR and XGBoost. For CatBoost the built-in grid_search was used,
which is functionally the same as GSCV. For XGBoost, three hyperparameters were
tuned: max_depth, n_estimators, and learning_rate. The max_depth param-
eter controls the depth of individual decision trees, with deeper trees having more
capacity to model complex relationships, but also a higher risk of overfitting. The
n_estimators parameter determines the number of boosting rounds, or trees, to
fit. The learning_rate, also known as eta, controls the step size shrinkage ap-
plied during the update of feature weights after each boosting step. Smaller values
of learning_rate reduce the contribution of each new tree, making the boosting
process more conservative and helping to prevent overfitting.

GSCV was performed using 5-fold cross-validation. The best combination of
hyperparameters, based on the negative mean squared error, was found to be:

Interpret results

v

Conclusions

Figure 3.12. Flowchart depicting
the research process.

learning_rate = 0.05, max_depth =15, n_estimators = 1000

For CatBoost, the hyperparameters that were tuned included depth, learning_rate,
and12_leaf_reg. The depth and learning_rate parameters are similar to those in
XGBoost. The 12_leaf_reg parameter controls the L2 regularization applied to the
leaf values of the trees, helping to prevent overfitting by penalizing large leaf values.
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The default 3-fold cross-validation was used for CatBoost. The best combination of
hyperparameters was found to be:

learning_rate = 0.05, depth =6, 12_leaf reg=3

For SVR, the hyperparameter tuning process was also performed using GSCV
with 5-fold cross-validation. The hyperparameters tuned for SVR were C and
epsilon, the effects of which are discussed in Section 3.3.5. The optimized hy-
perparameters were:

C=1, epsilon=0.05

The neural network was implemented using TensorFlow/Keras. The architec-
ture of the model, including the number of hidden layers, the number of neurons per
layer, the learning rate, and the dropout rate, was optimized through a process of trial
and error. The model’s architecture consists of the following layers:

* An input layer with 169 features.

* Four hidden layers, 640 neurons for the first and 256 for the rest, all using the
ReLU activation function.

* Dropout layers with a rate of 0.2, applied after each hidden layer to prevent
overfitting.

* A final dense layer with a single neuron for the output prediction.

Additionally, two callback functions were used to improve the training process.
The first, EarlyStopping, monitors the validation loss and stops training when it
stops improving, restoring the model weights to the best performing point. The
patience for early stopping was set to 16 epochs. The second, ReduceLROnPlateau,
was configured to reduce the learning rate by a factor of 0.2 if the validation loss
has not improved for 7 consecutive epochs. Reducing the learning rate helps the
model converge more accurately to a local minimum of the loss function, potentially
avoiding overshooting the minimum. The model was compiled using the Adam
optimizer with an initial learning rate of 0.001 and was trained to minimize the mean
squared error loss.

Although this architecture was the best found through manual adjustments, it
is important to note that it is most likely not the optimal architecture and further
fine-tuning and experimentation would be required to improve the model.

LassoCV and RidgeCV were used to optimize the lasso and ridge regression
models. Both models automatically perform cross-validation to identify the optimal
alpha parameter, which controls the strength of regularization. For lasso regres-
sion, the optimal alpha was found to be 1.279 x 107>, which suggests that a very
small amount of regularization was applied. The optimal alpha found for the ridge
regression model at the second level in stacking was approximately 2.28.
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3.5 Evaluation metrics

In this research, the performance of the models are evaluated using three common
metrics: Mean absolute error (MAE), root mean squared error (RMSE), and R?
(coefficient of determination). These metrics were chosen for their ability to evaluate
the accuracy of regression models.

3.5.1 Mean absolute error

Mean absolute error (MAE) is metric used in regression tasks, which measures the

average size of the errors in the model’s predictions, giving equal weight to each
error. MAE is defined as:

1 < A
MAE = ZZ')’i_)’il,
=1

where:

* y; is the true value of the target variable,
 §; is the predicted value from the model,
* n is the total number of data points.

A lower MAE indicates better performance, as it means that the model’s predic-
tions are closer to the true values.

3.5.2 Root mean squared error

Root mean squared error (RMSE) is another metric that measures the average mag-
nitude of the error between the predicted and actual values. RMSE is defined as:

1 n
RMSE = 4| - i = 9i)2.
Vi B

Again, a lower value of RMSE indicates a better model performance. Unlike
MAE, which gives equal weights to each error regardless of their size, RMSE is
sensitive to large errors, as the differences between predicted and actual values are
squared. As discussed by Chai and Draxler (2014), the RMSE is appropriate when
errors follow a normal distribution and when large errors are undesirable and need
to be penalized more heavily.

3.5.3 Coefficient of determination (R?)

The coefficient of determination, denoted as RZ, is another important metric for
evaluating regression models. R? indicates how well the model’s predictions fit the
observed data. It is calculated as:
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S (i = 9i)?
Z?:l()’i - )_’)2 ,

where 7 is the mean of the actual values. The value of R? usually ranges from 0
to 1:

R>=1-

 R? = 1 indicates that predictions perfectly fit the data.

 R? = 0 indicates that the model does not explain any of the variability in the
target variable.

An R? value closer to 1 indicates that the model explains a high proportion of
the variance in the data. It is an intuitive metric, as it provides a direct interpretation
of the model’s goodness of fit. However, R? can also technically be negative, which
happens when the model’s predictions are worse than simply predicting the mean
value of the target variable for all instances. It should be noted that R* alone does not
provide information about the magnitude of errors and it is affected by the amount
of variance of the target variable, which is why it is often used in conjunction with
other evaluation metrics (Kuhn and Johnson 2013, pp. 95-97).
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4 Results

This chapter presents the predictive performance of the regression models used in
this study evaluated on the test set. Table 4.1 summarizes the performance of each
model. A notable observation across the models is the significant difference between
the MAE and RMSE values. As discussed in the Evaluation metrics section, RMSE
penalizes larger errors more heavily than MAE. Therefore, this discrepancy suggests
the presence of outliers or small amount of large prediction errors in the dataset.

This assumption is supported by the predicted vs actual value plots shown in
Figures 4.1 and 4.2. These plots correspond to the final stacking model and provide
a visualization of its performance. In both figures, several outlier predictions can be
observed, particularly properties that are predicted to be significantly more expensive
than their actual sale prices. These deviations may be due to factors that lower the
actual prices, which the dataset doesn’t contain information about.

Additionally, Figure 4.2 shows a slight increase in variance among the predictions
as property prices increase. This pattern suggests that the model shows increased
uncertainty when predicting high-value properties, possibly due to the lack of such
cases in the relatively small dataset.

Both of these factors result in getting moderately good predictions on average
shown by the MAE values but not by RMSE. Therefore the models perform well for
properties within the typical price range but struggle with more extreme cases.

Model R? MAE RMSE

XGBoost 0916 19170.11 35462.50
CatBoost 0.921 18526.08 33015.73

Lasso 0.858 26 880.63 45 378.86
NeuralNet 0.906 20 768.03 36 541.57
SVR 0907 19682.54 35763.12

Stacking  0.923 18 144.69 32 870.71
Voting 0.918 19069.80 34 570.01

Table 4.1. Performance of the studied regression models on the test set
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Figure 4.1. log-transformed predicted vs actual house prices for the
stacking model
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Figure 4.2. Predicted vs actual house prices for the stacking model in
the original scale.

Among the individual base learners, CatBoost achieved the highest R? score of

0.921, followed closely by XGBoost and SVR with 0.916 and 0.907, respectively.
These results demonstrate the value of handling categorical data with ordered target
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statistics, as well as the use of ordered boosting discussed in Section 3.3.8. These
techniques are likely the reason behind CatBoost’s improved performance compared
to the other base models. The lasso regression model showed the weakest perfor-
mance across all evaluation metrics. The relatively poor performance of the lasso
model highlights the non-linear and complex nature of the data, making it less suitable
for linear models.

The stacking ensemble achieved the best overall performance, with an R? score of
0.923, amean absolute error of 18 144.69, and a root mean squared error of 32 870.71.
For this dataset, model stacking achieved a higher level of predictive accuracy than the
simple voting regression model. Voting regression also showed strong performance,
outperforming most individual models. Its performance, however, is likely hindered
by giving equal weight to weaker models such as lasso.

While model stacking outperforms voting in terms of accuracy, it requires signif-
icantly longer training times compared to voting regression. In this study, the time it
took to fit the model stacking regressor was 16.5 minutes, while the voting regressor
took 3.5 minutes.

To better understand the contribution of each base model to the performance of
the stacking ensemble, the coefficients of the meta-model were examined. Table
4.2 shows the learned weights assigned by ridge regression to each of the five base
regressors. Higher weights indicate greater relative importance in the final prediction.

Base model Meta-model coefficients

Lasso 0.0242
FNN 0.0600
XGBoost 0.3230
CatBoost 0.4893
SVR 0.1172

Table 4.2. Weights of base models in the stacking ensemble estimated
by the ridge regression meta-model.

The meta-model assigned the highest weight to CatBoost, with a value of 0.4893,
followed by XGBoost, with a weight of 0.3230. These results indicate that the
gradient boosting models were the most significant to the final predictions. SVR
was assigned a moderate weight of 0.1172, while the feed-forward neural network
and lasso received lower weights, at 0.0600 and 0.0242, respectively. The minimal
contribution of the lasso model corresponds with its weaker performance in earlier
analysis.

From Figures 4.3, 4.4, and 4.5, we can see the feature importance values of the
three highest weighted models in the stacking ensemble. The feature importance
for the SVR model was calculated using the permutation_importance function
from the sklearn.inspection module. For CatBoost and XGBoost, the feature
importance values were computed using the built-in feature importance methods.
For XGBoost the total_gain parameter was used, while for CatBoost the default
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feature importance method was used.

Across all three models, the Living area and Year of construction features show
relatively high importance. Additionally, location-related features appear to be sig-
nificant. The Neighborhood feature holds high importance for all three models, while
the Postal code feature is especially important for SVR and CatBoost.

On the other hand, the boolean features of Beach, Balcony, Elevator, and Sauna, as
well as the Building material and Maintenance fee features, show the least importance
across these models. The Property condition and Number of rooms features show
medium levels of importance.

Thus it seems that location, size, age, and condition of the houses are the most
important factors in predicting house prices.

SVR Permutation Feature Importance

Living area

Postal code

Year of construction
Neighborhood
Number of rooms
Property condition
Transaction date
Property type
Maintenance fee
Floor

Building material

Sauna

Elevator
Balcony
Beach
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Importance

Figure 4.3. Permutation feature importance of SVR.
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CatBoost Feature Importance
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Figure 4.4. CatBoost feature importance values.
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Figure 4.5. XGBoost feature importance values.
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5 Discussion

The goal of this study was to investigate how well model stacking improves the
performance of its base models and how it compares to the simpler ensemble method
of voting regression, particularly for predicting house prices using a relatively small
local dataset. Chapter 3 detailed the methodology, starting with data selection, pre-
processing, and feature scaling. Exploratory data analysis (EDA) was conducted to
better understand the data, detect outliers, and identify any issues requiring cleaning.
The theory behind the used models in this study was also examined, along with
the implementation details and hyperparameter tuning process. Evaluation metrics
including MAE, RMSE, and R? were used to assess model performance.

Our findings align with existing literature, which shows that stacking ensembles
can improve prediction accuracy compared to individual base models. The meta-
model effectively combines the predictions of these base models, leading to improved
performance relative to voting regression. The stacking ensemble demonstrated its
ability to utilize the strengths of its most effective base models while minimizing the
influence of weaker models. The final stacking model provided reliable predictions
for average-priced homes, although its performance was less robust for properties
with uncommon price levels.

While stacking produces more accurate predictions, a significant drawback is
that it requires more training time than voting regression. Each base model must
be trained multiple times using k-fold cross-validation to generate out-of-fold pre-
dictions, which serve as features for the meta-model in order to prevent overfitting.
Additionally, training and tuning the meta-model itself requires extra time. This can
be computationally expensive, especially with large datasets and complex models.
Furthermore, the final model in a stacking ensemble can be difficult to interpret,
especially when using complex base models such as neural networks.

Thus, stacking is particularly suitable for tasks where predictive accuracy is the
primary goal, and longer training times can be tolerated. Additionally, stacking is
appropriate for tasks where high interpretability is not required.

5.1 Limitations

Despite the insights provided by this study, several limitations must be acknowledged.
One significant limitation is the absence of macroeconomic market indicators in the
dataset. Factors such as interest rates, inflation, GDP, and unemployment rates can
significantly influence real estate prices. The exclusion of these variables may have
constrained the predictive power of the models.

Another limitation comes from the limited occurrence of high-priced homes
within the relatively small dataset. The lack of data could have affected the model’s
ability to accurately predict prices for high-value properties. A larger dataset, with
more high-priced homes, would likely improve the model’s overall prediction accu-
racy.
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The dataset also includes a number of outliers, which can distort model predic-
tions. Although some techniques were employed to address this issue, the addition
of more features could help minimize prediction errors caused by outliers and lead to
more robust models. Features such as lot size, renovation history, parking availabil-
ity, and energy source, for example, could help predict unexpectedly priced houses
more accurately.

Finally, it is important to note that this study relied on a single dataset, and as
such, the results may not be generalizable to other datasets.

5.2 Future research

As noted previously in Section 3.3.1, one of the challenges with model stacking
is the lack of a standardized method for selecting the stacking architecture. While
some studies favor multi-layer stacking or the inclusion of additional meta-features,
the true impact of these modifications remains unclear. Future research should aim
to evaluate whether these approaches lead to substantial improvements in model
performance across a variety of datasets.

A particularly interesting avenue for further study involves investigating whether
the inclusion of the original training data in the meta-model enhances predictions.
This approach could provide the meta-model with more information, potentially
improving performance. However, it could also overcomplicate the task at the
meta-level, leading to a decline in accuracy. Perhaps only a subset of the original
training data should be passed to the meta-level. Additionally, further research is
needed to study how meta features affect predictions depending on the choice of the
meta-model.

Furthermore, as mentioned earlier, the inclusion of macroeconomic indicators
such as interest rates, inflation, and GDP may significantly impact model performance
in predicting real estate prices. Future studies could include these variables into the
dataset and evaluate how they affect prediction accuracy.
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