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A HYBRID PREDICTION APPROACH USING MULTIPLE LINEAR
REGRESSION AND DECISION TREE

SUMMARY

When you wake up one winter morning, you may wonder whether it will rain or will
the weather be fine? In our life we fall into many choices that require prediction and
anticipation of the answer before starting work.

In this thesis, a hybrid method was used between decision tree (regression tree) and
multiple linear regression based on the CART mechanism. It used three different
datasets to test the approach. The first is the advertising data set, which was represented
by using (TV, radio, and newspapers) (X) to show the relationship between these
advertising methods with sales (YY) in terms of their impact on sales and purchasing
power. This dataset is called as “Advertising”. The second data set contains (Species
of fish, length, height, width), which are the independent variables (X) and their impact
on the weight of the fish, which represents the dependent variable. This dataset is
called as “Fish”. The third dataset is the effect of the car’s specifications on its price,
which was considered the dependent variable. The car specification was (car name,
fuel type, aspiration, door number, car body, drivewheel, engine location, wheelbase,
car length, car width, car height, curb weight, engine type, cylinder number, engine
size, fuel system, bore ratio, stroke, compression ratio, horsepower, peak rpm, city
mpg, and highway mpg). This dataset is called “Car”. The datasets were divided into
train and test 80% - 20%, respectively.

Where the research steps that represent the study were implemented, by making
accurate predictions with the help of linear regression and CART. First, we split
datasets using CART. For each leaf, different sub-datasets are filtered and created. The
splitting point in the dataset was found with nodes. Our hypothesis is to divide the
dataset using CART to increase the accuracy of the estimates. It applied multiple linear
regression to filtered datasets. Then, it is compared multiple linear regression
estimations using whole data and splitting dataset.

The classification and regression tree (CART) algorithm represents a dataset’s
connection between the dependent variable and independent factors. It consists of a
sequential binary dataset partition based on the variable values. Fitting tree models
involves repeatedly splitting the data into homogenous groups. The output is a
hierarchical tree of relevant decision rules for classification or prediction.

Splitting is a procedure that divides the tree from its nodes into two or more nodes.
The root node represents the entire sample or population and is divided into two or
more groups as homogeneous groups. The nodes that sub-nodes are separated into are
called parent and child nodes. Nodes that cannot be divided and have reached the
minimum division are called leaf nodes. Pruning is the opposite of splitting, removing
child nodes from the root node.

XiX



In this study, results were compared to predict the value of the dependent variable (YY)
using the regression tree method, multiple linear regression, and the particular research
method of splitting the regression tree and constructing multiple linear regression
models from it in order to select the best method that gives the best prediction based
on the R%, MSE, and MAPE values.

It was found in this study that splitting the data using multiple linear regression based
on the regression tree gave a good result compared to using the multiple linear
regression method alone or using the regression tree only. It was also found that the
use of one error measure is not sufficient, but more than one error measure must be
added to obtain an optimal model.However, it can add a classification and regression
tree to divide the data set and find the best result from the hybrid tree and multiple
linear regression model. The depth of the tree in an extensive real-life dataset will be
increased to see the effect of height. Furthermore, we will delve into alternative
approaches to linear regression in a distinct study. It could be scalable and effective in
increasing tree size and powerful machine learning techniques.

It was found in this study that splitting the data using multiple linear regression based
on the regression tree gave a good result compared to using the multiple linear
regression method alone or using the regression tree only. It was also found that the
use of one error measure is not sufficient, but more than one error measure must be
added to obtain an optimal model.
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COKLU DOGRUSAL REGRESYON VE KARAR AGACI KULLANARAK
HIBRIT TAHMIN YAKLASIM

OZET

Bir kis sabahi uyandiginizda, yagmur yagacak mi yoksa hava giizel mi olacak diye
merak edebilirsiniz. Hayatimizda, ise baslamadan once cevabi tahmin etmeyi ve
tahmin etmeyi gerektiren bir¢ok secenege diiseriz.

Bu tezde, bir karar agaci (regresyon agaci) ile CART mekanizmasina dayali ¢oklu
dogrusal regresyon arasinda hibrit bir yontem kullanilmistir. Yaklagimi test etmek icin
ti¢ farkli veri seti kullandi. Birincisi, bu reklam yontemlerinin satislarla (Y) iliskisini
satig ve satin alma giicli izerindeki etkisi agisindan (TV, radyo ve gazeteler) (X)
kullanilarak temsil edilen reklam veri setidir. Bu veri kiimesine “Reklam” adi verilir.
Ikinci veri seti, bagimsiz degiskenler (X) olan (Balik tiirleri, uzunluk, yiikseklik,
genislik) ve bunlarin bagimli degiskeni temsil eden baligin agirligi tizerindeki
etkilerini icerir. Bu veri kiimesine “Balik” ad1 verilir. Ugiincii veri seti, arabanin teknik
ozelliklerinin bagimli degisken olarak kabul edilen fiyati iizerindeki etkisidir. Arag
Ozellikleri araba adi, yakit tipi, ¢ekis, kapt numarasi, araba govdesi, tahrik tekerlegi,
motor konumu, dingil mesafesi, araba uzunlugu, araba genisligi, araba yiiksekligi, bos
agirlik, motor tipi, silindir numarasi, motor boyutu, yakit sistemi, delik orani,
sikigtirma orani, beygir giicii, en yiiksek devir sayisi, sehir i¢i mpg ve otoyol mpg'sidir.
Bu veri kiimesine “Araba” denir. Veri kiimeleri, sirastyla %80 - %20 tren ve test olarak
bolinmiistiir.

Lineer regresyon ve CART yardimiyla dogru taminler yapilarak arastirma adimlari
gerceklestirilmistir. Ik olarak, CART kullanarak veri kiimelerini ayirdik. Her yaprak
icin farklr alt veri kiimeleri filtrelenir ve olusturulur. Veri setindeki ayrilma noktasi
diigiimler ile bulundu. Hipotezimiz, tahminlerin dogrulugunu artirmak i¢in veri setini
CART kullanarak bolmektir. Filtrelenmis veri kiimelerine ¢coklu dogrusal regresyon
uyguladi. Daha sonra, tiim veri ve boliinmiis veri seti kullanilarak ¢oklu dogrusal
regresyon tahminleri karsilastirilir.

Coklu dogrusal regresyon (MLR) modelleri, katsayilar1 basit modellere benzer sekilde
tahmin eder. Basit dogrusal regresyonda oldugu gibi, ¢oklu dogrusal regresyondaki en
kiigik kareler tahmin edicileri tarafsizdir. Ayrica yansiz tahminciler en kiiglik
varyasyona sahiptir ve tutarlidir. Bu nedenle, regresyon varsayimlart dogru kalirsa,
kullanicilar en kiiciik kareler tahmincilerini kullanarak ¢oklu dogrusal regresyon
katsayilarin1 giivenle ¢ikarabilirler. Regresyon ¢izgisi, degisken yanit noktalarina
yaklasir. Nokta tahminini ¢evreleyen degiskenlik, ¢ikarim varsayimlarini
dogrulamada, sorunlu gozlemleri belirlemede ve giiven veya tahmin araliklari
yaratmada da yardimci olur.

Coklu dogrusal regresyon, bagimsiz ve bagimli degiskenler arasindaki dogrusal
iliskiyi modellemek i¢in ¢alisir. Bu bagimsiz degiskenler siirekli veya kesikli olabilir.
Coklu dogrusal regresyon, basit dogrusal regresyonu birden fazla agiklayict degisken
icerecek sekilde genisletir. Bu, bir bagimhi degisken (Y) ve birden fazla bagimsiz
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degisken (Xi) oldugu anlamma gelir. Yanit degiskeni, agiklayict degiskenlerin
dogrusal bir kombinasyonu ile dogrudan iliskili oldugundan, her iki senaryoda da
"dogrusal" terimi kullanilmaktadir.

Bolme, agaci diigiimlerinden iki veya daha fazla diiglime ayiran bir prosediirdiir. Kok
diiglim, tiim o6rneklemi veya popiilasyonu temsil eder ve homojen gruplar olarak iki
veya daha fazla gruba boliiniir. Alt diigiimlerin ayrildig1 diigiimlere ebeveyn ve alt
diigiimler denir. Boliinemeyen ve minimum bdliinmeye ulagmis diiglimlere yaprak
diigtimler denir. Budama, bélmenin tersidir, alt diiglimleri kok diiglimden ¢ikarir.

Egitim veri setleri kullanilarak siniflandirma ve regresyon agaglari olusturulmustur.
Insa edilen agaclarin derinligi iictii. Daha sonra her bir derinlik seviyesi ve diigiim
noktasi i¢in farkli MLR denklemleri olusturulmustur. Yaklasimimizi test etmek igin
maksimum derinlik ii¢ olarak secildi. Bir sonraki adimda, aga¢ olusturulduktan sonra,
her diiglim veri kiimesi i¢in bir filtre olarak kullanildi. Her veri seti i¢in toplam MLR
modelleri 15 farkl filtre kullanilarak olusturulmustur. Sonraki béliimde, ti¢ veri seti
degerlendirildi ve geleneksel CART ve MLR modelleriyle karsilastirildi.

Bu calismada sonuglar, bagimli degiskenin (Y) degerini tahmin etmek i¢in regresyon
agaci yontemi, coklu dogrusal regresyon ve regresyon agacini bdlme ve ondan ¢oklu
dogrusal regresyon modelleri olusturma 06zel arastirma yontemi kullanilarak
karsilagtirildi. R2, MSE ve MAPE degerlerine dayali olarak en iyi tahmini veren en iyi
yontem olarak tespit edildi.

Karar verme ve olaylar1 tahmin etme hayatimizin ayrilmaz bir parcasidir. Regresyon
agagclari, kararlarimizi diizenlemenin yaygin yollarindan biridir ve makine 6grenimi
yontemlerinden biri olarak kabul edilir. Coklu dogrusal regresyon modeli algoritmasi
da tahminde 6nemli bir yontemdir. Bu arastirmada, regresyon agacindan coklu
dogrusal regresyon modelleri olusturmak i¢in regresyon agaci algoritmasi ile ¢oklu
dogrusal regresyon algoritmasini birlestiren bir siireg Onerilmistir. Ug tiir veriye
uygulanmistir. Birinci veri setinde tiglincii seviyeye (L3) bagli olarak hatay1 azaltarak
en iyi sonucu verdigi gériilmiistiir. ikinci veri setinden farkli olarak trende en ufak
hatay1 {liciincli seviyede (L3) verirken, testte liclincii seviyede (L3) en iyl sonucu
vermeye yetmedi. Bu durumda optimal seviye L1 olarak bulunmustur. Bu, ¢alisilan
soruna baglidir. Ayrica, en iyl sonucu se¢mek icin tek bir Olglime glivenmek
imkansizdir. Bununla birlikte, en iyi sonucu, yani en iyi modeli elde etmek i¢in baska
hata 6lgiileri eklenmelidir. Ugiincii veri setinin birinci seviyede (L1) en iyi sonucu
verdigi, ancak iiclincii seviyenin (L3) de en iyi sonucu verdigi i¢in tek olmadigi not
edilebilir. Veri setini bolmenin uygun bir yontem oldugu sdylenebilir ¢iinkii en azindan
ti¢ veri seti olan L1, L2 ve L3'te L0'a veya tam agaca kiyasla en iyi sonuglar1 vermistir.
Ancak ¢oklu dogrusal regresyon modelini tek basina kullanmak en iyi sonucu vermez.
Ancak, veri setini bolmek ve hibrit aga¢ ve ¢coklu dogrusal regresyon modelinden en
1yi sonucu bulmak i¢in bir siniflandirma ve regresyon agaci ekleyebilir.

Bu ¢alismada, regresyon agacina dayali ¢coklu dogrusal regresyon yontemi kullanilarak
verilerin bdliinmesinin, tek basina ¢oklu dogrusal regresyon yontemi veya yalnizca
regresyon agaci kullanilmasina gore 1yi bir sonug verdigi goriilmiistiir. Ayrica, bir hata
6l¢iisti kullaniminin yeterli olmadigi, optimal bir model elde etmek i¢in birden fazla
hata Ol¢iisiiniin eklenmesi gerektigi goriilmiistiir. Ancak, veri setini bdlmek ve en iyi
sonucu bulmak i¢in bir siniflandirma ve regresyon agaci ekleyebilir. hibrit agactan ve
coklu dogrusal regresyon modelinden. Kapsamli bir gercek yasam veri kiimesindeki
agacin derinligi, yiiksekligin etkisini gormek icin artirilacaktir. Ayrica, ayri bir
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calismada dogrusal regresyona alternatif yaklagimlari inceleyecegiz. Agac¢ boyutunu
ve giiclii makine 6grenimi tekniklerini artirmada 6l¢eklenebilir ve etkili olabilir.

Dogrusal olmayan verilerin analizi s6z konusu oldugunda, karar vericiler genellikle
hatalar1 azaltma zorluguyla kars1 karsiya kalir. Neyse ki, regresyon ve CART"
birlestiren hibrit bir yaklasimin bunu basarmak i¢in etkili bir yontem oldugu
kanitlanmistir. Dogrusal regresyonun iliskisel tahminini ve CART'in gruplandirmasini
kullanan bu yaklagim, biiyliik miktarda veriyi yonetmek ve veriye dayali kararlarin
dogrulugunu artirmak igin giiclii bir arag sunar.

Regresyon agaci, karar1 karmasik ve basit hale getirmek i¢in kullanilan istatistiksel
araclardan biridir. Regresyon agaclari, ayrik degerler yerine siirekli degerlerle ¢iktiy
tahmin eder. Tepki degiskenine bagl olarak, yordayicilarin veya ortak degiskenlerin
bir vektoriine bakmak. Regresyon agaci, basit ve ¢oklu dogrusal regresyon gibi
parametrelere ihtiyag duymamasi bakimindan diger geleneksel regresyon
yontemlerinden farkhidir. Giiclii degisken alt boliimleri {izerinde calismasinda fark
yaratir, aykir1 degerlerden etkilenmez ve farkli veri tiirleri iizerinde uygulanabilir.
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1. INTRODUCTION

In our life, we are constantly faced with several options, our world offers many
options, but we have to choose one course of action from among the possibilities. But
to choose the correct option, a process of thinking takes place to select a logical option
from several options or alternatives. This process is called decision-making. For a
correct decision to be made, it is necessary to know the advantages and disadvantages
of that decision and to analyze the alternatives that could be reached. Decision-making
is a task facing humanity. Therefore, many algorithms were created that perform the
decision-making function more accurately, considering all the relevant features
without missing a single point. The decision trees (DTs) are a critical method for

decision-making.

The decision tree (DT) is one of the most widely used tools for decision-making. It is
a drawing of a decision tree with branches and distinct leaves at the end of it. Similar
to a decision support tool, it formally uses a tree-like statement to represent decisions

and their potential outcomes, including resource costs, event outcomes, and utility [1].

One of the well-known machine learning (ML) models is the decision trees that were
studied in 1984, where the DTs are seen as an interpretable machine learning model.
Motivated by this view, considerable effort has been expended on learning DTs (and
similar logic machine learning models) with interpretability-critical parameters, such
as the number of nodes, maximum/average depth, etc. Additionally, work has been
conducted on distilling or approximating sophisticated machine learning models using
soft decision trees. Nonetheless, current research indicates that interpretability should
be related to the depth of DTs [2].

DTs are resistant to mistakes and noise in the actual world data, are simple to display,
and are regarded as a straightforward and robust way for forecasting an example
category label. Decision trees are useful in many domains, including image processing,

health, and finance [3].

The decision tree uses the iteration technique to extract data and develop classification

systems based on multiple common variables or predictive algorithms for a target



variable. It consists of a community divided into sections like branches to form an
inverted tree with a root, internal, and leaf nodes. The nonparametric algorithm
efficiently handles a complex data set without imposing a complex borderline
structure. The study data can be divided into training sets and validated if the sample
size is large enough. The training data is used to create a decision tree model and a
validation data set to determine the size of the optimum tree for the final model. These
examples are put into groups based on the value of an attribute that is checked at a
certain node and sent down a branch that is linked to that value. Following these
branching paths is a group of leaf nodes or examples that all belong to the same class.
So, when a new instance is sent down the root of the tree, it will be checked by each
attribute as it moves down the branches that are relevant to it. At the end of a branch
route in the decision tree, there is a leaf node that has related examples that all share a

classification that is used to identify the new example [3,4].

A classification o regression tree is a kind of decision tree that can be used to depict a
prediction model for DTs development. There are many algorithms like (C4.5, CART,
CRUISE, GUIDE, and QUEST). CART (Classification and Regression Tree) will be
taken as the algorithm in this thesis, which will be implemented on the regression tree
that is the subject of the research.

Regression trees are a versatile statistical instrument for modeling the conditional
distribution of a response variable given a vector of predictors or covariables. Trees
provide a number of benefits over typical parametric regression methods: they are
nonparametric, have a robust variable subset selection, are resistant to outliers in the

covariate space, and may be used effectively to a wide range of data sources.

The regression tree is considered a piecewise constant (A regression tree is piecewise
constant because in a regression tree, a constant piecewise function is defined in the
input space at each tree [5] or linear estimate of the regression function, formed by
recursively partitioning the data and sample space. Many alternative flexible
regression (The regression tree is a flexible model because any small change in the
data leads to a large change in the model [49]) approaches exist, for example: (i) locally
smoothed nonparametric regression models; (ii) piecewise regression splines; (iii)

projection pursuit; and (iv) neural networks [16].



When constructing a regression tree, the midpoints found from the prediction variables
represent the possible splits of the tree. Initially, the sum of the squares of the
differences between the observations and their average are calculated. The result that
gives the minimum value represents a node. From this node the observations are
divided into two subgroups. The previous process is repeated on each subset. The split

continues until one or more stopping criteria is reached [6].

Although regression trees were primarily designed for large datasets, they may also be
utilized economically with tiny datasets, such as those from repeated or unreplicated
complete factorial experiments. In such cases, regression tree models can give better
and more evident interpretations of interaction effects as variations between
conditional main effects. Some study demonstrates through simulations that the
models can provide less prediction mean squared errors than prior methods. From
piecewise constant to piecewise simple and multiple linear, and from least squares to
Poisson and logistic regression, the tree models cover a broad range of sophistication
[7].

Regression is used to predict a result based on a certain input. The simplest regression
technique is known as linear regression, while the most complex is known as multiple
regression. It is contingent on the variable. If a single descriptive variable is employed,
the approach is known as simple linear regression, and if many descriptive variables
are employed, it is known as multiple regression. MLR predicts the future value of a
variable (¥ ) in relation to additional variables (X ;). And multiple regression analysis
(MRA) is a technique that correlates the behavior or variance of independent variables
that reflect elements influencing the objective with one variable representing the
dependent variable [12,13].

According to research, multivariate analytic techniques provide the simultaneous
examination of several variables from persons or items under investigation, hence
assisting users with decision-making. Multiple linear regression models that assess one
response variable for two or more predictor variables can be used to model multivariate
data. In light of the link between predictor variables and response variables
(dependent), the linear regression approach enables the development of mathematical
models for predicting response variables (dependent) (independent or explanatory). In

environmental sciences, health, and other areas of life, multiple linear regression



models are widely used to evaluate the statistical significance of the relationship
between predictor and response variables [14].

Leo Berriman, Jerome Friedman, Richard Olschen, and Charles Stone (BFOS)
contributed to the advancement of artificial intelligence, machine learning,
nonparametric statistics, and data mining in 1984 with the formation of classification
and regression trees. Examination of decision trees has expanded the scope of work
and the technological improvements it provides, the complex examples of analyzing
data structured by the trees it contains, and the authoritative discussion of big sample
theory for the trees it contains. According to the Scientific and Social Indexes citation,
the CART has been used 3000 times since its publication, The scholar from Google
also lists approximately 8,450 quotes. CART has entered into a number of areas and
uses, including credit risk, target marketing, financial market modeling, electrical
engineering, quality control, biology, chemistry and clinical medical research. CART
also had a significant impact on image reduction through the use of tree-structured

vector quantization [8].

CART models are alternatives to conventional statistical techniques like logistic
regression, discriminant analysis, and regression analysis. These tree models are
gaining popularity due to their interpretability and application ease [10]. And there are
two crucial statistical concerns. Each predicts a response variable y (the dependent
variable) given the values of a vector of predictor variables x. (the independent
variable). Consider X to be the domain of x, and Y to be the domain of y. Wheny is a
continuous or discrete variable with real values (such as the weight of a car or the
frequency of accidents), the resulting issue is known as regression. Alternatively, if Y
is a finite set of unordered values (such as the type of car or the country of origin), the
job is known as classification [11]. CART is a segmentation modeling approach using
characteristics in which the hierarchy is referred to as a tree and each part is referred
to as a node, with the root node containing the whole database. The root node is
successively split into child nodes. When no more data subdivision is possible, the last

subgroups are referred to as terminal nodes or leaves [15].

Machine learning approaches for creating prediction models from data include
regression and classification trees. Models are created by recursively partitioning the
data space and fitting a basic prediction model to each division. Consequently,

partitioning may be represented graphically using a decision tree. Classification trees



are utilized to describe dependent variables with a finite number of unordered values,
and prediction error is defined by misclassification cost. For dependent variables that
take continuous or ordered discrete values, regression trees are utilized, with prediction
error often measured as the squared difference between actual and predicted values
[9].

In this thesis, will be talking about the Regression Tree, and will be taking multiple
linear regression the primary purpose of the thesis is to demonstrate a hybrid use of
decision trees with multiple linear regression analysis in the concept of the CART
mechanism, which is a statistical technique used to predict ordered/continuous and
unordered/categorical variables. Its algorithm creates simple binary nodes from the
root node, and finally, one gets the structure of a binary tree and uses it to classify the
objects concerning their classes. The tree is reduced based on either standard deviation,
variance, the sum of error squares... etc. But the thesis will take mean squared error
(MSE) as an approach to splitting a regression tree, which facilitates the prediction of
the optimal variables or alternatives, which represents the best decision for the case
under study. The R-square (coefficient of determination) and MSE and Mean Absolute
Percentage Error (MAPE) will be relied upon in order to determine the best algorithm
to follow (the regression tree algorithm, the multiple linear regression model algorithm
and the multiple linear regression models generated from the regression tree splitting

process) in order to predict the value of the dependent variable Y.

1.1. Literature Review

A regression tree is basically a decision tree that is utilized for the task of regression
which can be used to predict continuous valued outputs instead of discrete outputs
[17]. It is also regarded one of the machine learning models because to its
incorporation into a variety of industrial, medical, and life sciences domains, as well
as several topics and areas of study in the present and preceding eras. The ML method
is a rapidly developing area of predictive modeling that focuses on identifying
structure in complicated, sometimes nonlinear data and building accurate prediction
models. As ML approaches are not limited to the traditional assumptions (about data
characteristics) commonly used with conventional and parametric approaches, ML
approaches typically exhibit greater power for resolving complex relationships (i.e.,

nonlinear, nonmonotonic, multimodal relationships typical of landscape and



ecological applications). Traditional modelling strategies are typically based on more
stringent statistical assumptions and data requirements, and they generally employ
linear or additive modelling approaches that are inconsistent with the natural processes
that occur in the landscape [18]. Enhanced regression tree analysis was utilized to
determine the adjustment levels of MCS due to its excellent accuracy in the
investigation of underwater sensor networks; its classification accuracy for MCS
levels is 99.97% [19]. The CART model is an example of ML techniques that offer
alternatives to conventional prediction methods. CART, and RF (random forest) paired
with a GIS to predict groundwater spring sites have been effectively deployed in
landslide susceptibility and hazard mapping in areas where CART has been

implemented [18].

Regression trees have properties that make them desirable to use for data extraction or
analysis of complex datasets in general, as they can handle numeric, ordinal, binary
and categorical variables with the same ease. The tree handles in an elegant way with
missing values. No need to use imputation schemes. Trees are immune to the effects
of outliers among the x-variables of prediction, thus easing the burden of data cleaning.
The predictive model is stable under strict monotonic transformations of the input
variables; Performing a transformation on any variable xj — gj (xj), where gj (xj) 1s
any monochromatic function, produces the same form. Thus, there is no problem in
trying to find out the "good" transitions beforehand. If the lowest absolute deviation
loss, one of the implemented loss functions, is used, there is also complete immunity
to outliers in the output response y, thus providing complete immunity to the effects
of outliers. Unlike kernel-based, near-neighbor-based methods, and supporting vector
machines, trees are invariant in changing the relative scales of predictor variables, so
there is no need to experiment with different scales. With all these useful properties, it
is not surprising that obtaining a regression or classification tree has become a very
popular tool for predictive learning in data mining. However, trees have one major
drawback, which is inaccuracy. Although sometimes competitive, tree-based models
usually do not achieve an accuracy close to best in any given application. Fortunately,
remediation is made available through so-called boost, and enhancing tree-based
models is always This greatly increases its accuracy [27].

Neural networks are very popular tools for data analysis; however, the output of a

neural network is difficult to understand in terms of the original covariates or the input



variables. Therefore, regression trees were used as an easy way to understand the
results of the neural network [28].

Regression tree analysis (RTA) is a nonparametric statistical method based on a tree
diagram that has considerable advantages such as easy interpretation, assumptions of
the distribution of the predictor variables are not required, being able to be applied
using continuous dependent, nominal and ordinal variables, and not being affected by
outliers. For the building of the regression tree, different data mining methods are
utilized (CART, QUEST, CHAID, and exhaustive CHAID); nevertheless, prior
research have indicated that predictive predictions utilizing the CHAID approach
showed models with superior precision. Recently, studies employing the RTA as a tool
to predict features of economic value in animal science, such as body weight, fleece
weight, weaning weight, and milk output have been expanded; however, few studies
have been done to analyze and forecast egg qualities. Therefore, a study was done to
predict egg weight from the exterior parameters of guinea fowl eggs using multiple

linear regression and statistical regression methods [20].

Based on a set of variables that define socioeconomic characteristics and land use,
travel behavior was analyzed using a common application of classification, regression
trees (CART), multiple linear regression and principal components analysis (PCA) for
a sample of the urban population of San Paolo. It was intended to obtain numerical
variables for the use of (PCA) and combining the original data set into a collection of
variables and identifying correlations between the new variables and travel behavior
[14].

Regression trees are a common alternative to conventional regression methods.
Multiple methods exist for constructing regression trees. The majority of these
procedures, including CART, are sequential and optimum at every node split. As a
result, the final solution to the tree may not be the optimal answer in general; typically,
modest changes in the training data lead to substantial changes in the final output as a
result of relative instability. These are greedy algorithms for planting trees. This
instability is intended to be exploited by cluster techniques such as random forests by
constructing a forest of trees from the data and averaging their predictions. The
predictive performance of these approaches is enhanced, but the one-tree method's
simplicity is lost. The TARGET approach (Tree Analysis with Randomly Generated

and Evolved Trees) Regression trees offer greater predictive accuracy than recursive



partitioning techniques like CART and single-tree stochastic search methods like
Bayesian CART, according to experimental data. The prediction performance of
TARGET is modestly inferior than ensemble techniques such as random forests, but

TARGET solutions are considerably more interpretable [21].

Productivity forecasting is a rational and scientific strategy for predicting future
agricultural events - the magnitude of production impacts. Its primary objective is to
mitigate risk in the decision-making process that influences the return in terms of
quantity and quality. The most prevalent models for return forecasting are regression
models. This approach permits the examination of the link between independent
factors and dependent variables. Multiple linear regression (MLR) is utilized to
forecast productivity since its variance is influenced by a large number of independent
factors. Plant growth, development, and production are the most often modeled
processes using conventional methods. First, the economic significance of the
outcomes obtained by such a model cannot be overstated. Second, the resulting models
frequently serve as a foundation for the creation of agricultural engineering

simulations [31].

In an effort to anticipate the highest daily surface ozone concentration over the
following 24 hours in the Greater Athens Area (GAA), multiple linear regression
(MLR) models were compared to an Artificial Neural Network (ANN) based
prediction model. Where modeling is based on meteorological data and air pollution
data collected from thirteen monitoring stations within the GAA (the network of the
Greek Ministry of Environment, Energy, and Climate Change) between 2001 and
2005. The results indicate that the ANN model may be utilized to give alerts to the
general public and vulnerable groups. Basically. In each of the aforementioned
research efforts, the ANN model outperformed the MLR model [30].

The decision tree algorithms C4.5, ID3 and CART algorithm were used to classify
hepatitis disease and the correction rate was compared and the effectiveness was
compared among them. Therefore, the model derived from Kart along with the
extended definition for determining (diagnosing) hepatitis disease provided a good

model that depends on the accuracy of classification [22].

The CART algorithm was also introduced into the data mining study to examine the

classification of blood donors, where the study method is to identify blood donation



behavior using data mining classification algorithms. The analysis was using a
standard transfusion data set and using the CART decision tree algorithm implemented
in Weka. The CART-derived model along with the extended definition to identify

regular voluntary donors provided a model based on classification accuracy [23].

Since both continuous and discrete predictive variables can be integrated into the
models and the outputs are simply understood, CART approaches have shown to be
particularly useful in ecological and environmental problems. CART models have
several additional advantages over other techniques because they are nonparametric
and divide data sets into distinct groups: input data do not need to be normally
distributed; predictor variables do not need to be independent; and nonlinear
relationships between predictor variables and observed data can be modeled. Various

CART enhancements are proposed to increase the robustness [24].

The CART method was used to construct an intrusion detection model, and when
compared with the 1D3 algorithm and the C4.5 algorithm, it was determined that the
split-based CART algorithm is used to simplify the scale of the decision tree and
achieve the aim of classification. When utilizing ID3 in choosing attributes, it is
possible to accept the nested value of the property and ignore the values of other
attributes. In addition, it cannot handle continuous numbers, and the tree branch is seen
to be big. While the C4.5 algorithm when utilized in training more continuous attribute
data, from the efficiency of the above approach is easy to be altered by continuous

numerical estimating [25].

In the field of psychiatry, the CART algorithm has had a role in identifying the highest
potential users of services among low-income psychiatric outpatients. It has been used
successfully in other disciplines of medicine, for example, to predict the outcome of
ischemic hypoxic coma and the risk of death in patients with Caring for the heart

admitted to emergency care [26].

In order to better understand the factors that affect the roughness of asphalt pavement,
the classification and regression tree analysis method (CART) was used to explore the
relationship between pavement roughness and design characteristics, and it was
considered as a tree structure that is easy to interpret and apply and provides simple
accurate and reasonable results that are more applicable and practical to provide

guidance in Pavement design and construction [29].
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2. METHODOLOGY

This chapter will introduce multiple linear regression and the classification and
regression tree (CART) algorithm and how they work. Furthermore, evaluation

metrics are given in this chapter.

2.1. Multiple Linear Regression

Linear regression is a statistical technique used to describe the correlations between
several inputs and a single result. Important steps in the use of this method include
estimation and inference, variable selection in model building, and model fit testing
[32]. Multiple linear regression models estimate coefficients similarly to simple
models. As with simple linear regression, the least-square estimators in multiple linear
regression are unbiased. In addition, unbiased estimators have the smallest variation
and are consistent. Therefore, users may confidently infer multiple linear regression
coefficients using least-square estimators as long as the regression assumptions stay
true. The regression line approximates the response variable points. The variability
surrounding the point estimate is also useful for validating inference assumptions,
identifying problematic observations, and creating confidence or prediction ranges.
Multiple linear regression is a valuable technique for administrative decision-making.
With the availability of primary and secondary data and statistical analysis tools,
everyone has the ability to do linear regression analysis [33]. The work of multiple
linear regression is to model the linear relationship between the independent and
dependent variables. These independent variables may continuous or discrete [35,36].
Multiple linear regression extends simple linear regression to include more than one
explanatory variable. that means there is one dependent variable (Y) and more than an
independent variable (Xj). Both scenarios still utilize the term 'linear' because the
response variable is directly related to a linear combination of the explanatory

variables.



The objective of decreasing the difference between observed and estimated values is
frequently achieved via curve fitting using the regression method. The mathematical
expression of the MLR is given in Equation (2.1).

Yi = Bot Bixin + ... Bpxip t g (2.1)
where:

i: the number of observations

Y;: dependent variable

x;. explanatory variables

Bo: the average coefficient of the model

Py slope coefficients for each explanatory variable

Bo e - the linear coefficient of each explanatory variable.

€: Represents the residual (fitting error) used to test the overall significance (F-test) of
the equation and the importance of each regression coefficient (t-test). When the
residual is distributed normally (normal distribution) and independent, i.e., with zero
mean and constant variance §2 correct results will be obtained. Using residual analysis,

this can be checked. This analysis may also eliminate data outliers [35,36].

2.2. Regression Tree

The regression tree is one of the statistical tools used to make the decision in an
uncomplicated and easy way. Depending on the response variable by looking at a
vector of predictors or covariates. The regression tree differs from the rest of the
traditional regression methods in that it does not need parameters as in simple and
multiple linear regression, it is distinguished in its work on strong variable
subdivisions, is not affected by outliers if any, and can be implemented on different
types of data [16]. Regression trees predict output with continuous values rather than

discrete values.

To construct a regression tree for the best prediction of the dependent variable Y for
the independent variable X ,the particular observations of the independent variable are

sorted, then the average of the two observations is found (a,, a,) and then these two
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values are divided into two groups ( X > a; , X < a,), then the average of the values
that fall within these two groups is found concerning the values of the dependent
variable Y, and these two values represent the expected output of the decision tree ( X
>a, , X <a,). Then the mean squared error (MSE) is calculated for each group. After
calculating the average for the first two observations in variable X, the data set was
divided accordingly, and the predictions were calculated. The process is repeated for
the rest of the observations and finding the MSE. After MSE calculations, the point at
which the division of the dataset will be determined is the lowest MSE. Then the node,
I.e., the root node, is divided into two branches, right and left, and then the data points
that go towards the right branch and the left branch of the root node are repeatedly
subjected to the same algorithm for further splitting. In the case of more than one
independent variable, the same process mentioned above is performed, where the
variables' data are sorted separately. Then the points that reduce the MSE for all
variables are calculated. The variable with the lowest estimate is selected among the

variables and the points calculated for them [17].

2.2.1. CART

The CART algorithm is a representation of the connection between the dependent
variable and independent factors in a dataset. It consists of a sequential binary partition
of the dataset based on the variable values. Fitting tree models involves repeatedly
splitting the data into homogenous groups. The output is a hierarchical tree of relevant
decision rules for classification or prediction. CART is a segmentation modelling
technique that satisfies the following properties:

1) The hierarchy is referred to as a tree, and each section is a node.

2) The root node includes the whole database.

3) The root node is subdivided in order to produce child nodes.

4) The ultimate subgroups are referred to as terminal nodes or leaves when further
data subdivision is impossible.

5) For the creation of the CART, three main components must be determined: a
set of questions defining the division of data, a criterion for evaluating the best
division, and a mechanism for terminating further subdivisions (stop-splitting
rule) [14].

Important Terminology:

13



- Root node: The root represents the entire sample or population, and the root node
is divided into two or more groups as homogeneous groups.

- Splitting: This procedure divides the tree from its nodes into two or more nodes.

- Leaf or Terminal Node: Nodes that cannot be divided, that is, have reached the
minimum division, are called leaf nodes.

- Pruning: The process of removing child nodes from the root node is the opposite
of splitting.

- Branch or Sub-Tree: A branch or subtree is a subdivision of the overall tree.

- Parent and Child Node: The nodes that sub-nodes are separated into.

The regression problem (Figure 2.1.) shows points in the XY plane. These points are
marked with a cross. The regression problem is to find a "good"” function y = f (X)
whose graph lies close to the given data points (Figure 2.1.). The regression tree
method is done by dividing the X-axis region into a number of sections. Then the
average value of the dependent variable Y is calculated, which represents a constant

value of the regression function at each sub-region resulting from the division.

ta

Figure 2.1. Given data with X on the x axis

i )i

Figure 2.2. The regression tree with one node t4
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To begin, (Figure 2.1) contains a single region: the entirety of the x-axis. The
regression function must be constant in this region. As a result, the average must be
the most plausible representative. This average y-value y1 is stored in (Figure 2.2) a

one-node tree.

Figure 2.3. Splitting t4

ti

. ) B

Figure 2.4. Regression tree after the split of ¢4

The region t; has now been divided into two subregions, t, and t5. The average y-
value of the data for each subregion is y, and y3, respectively, as shown in (Figure
2.4). The subregions t, and t5 further subdivided, the average y-value for each smaller

subregion are calculated and recorded (Figure 2.6).

Now let us assume that the division halted. The region is then subdivided into four
subregions labeled t,, ts, ts, and t,. The average t-value, y,, ys, ys and y, are
determined for each subregion. Thus, the final regression function y = f (x) is a

piecewise constant with values y; on t; fori =4, 5, 6, and 7 [8].
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Figure 2.5. Regression tree after split of t, and t5

Figure 2.6. Splitting of t, and t3

The procedure of divisions on the tree affects the accuracy of the tree. In this study, a
regression tree was used (the goal of a regression tree is to generate a line that best fits
the data), and the mean square error (MSE) was used as a split criterion. When making
a binary tree, the algorithm will choose a value and divide the data into two subsets.
The MSE will be calculated separately for each subset, and the value that gives the
smallest MSE is chosen. The MSE partition criterion is calculated for each node after
the base model is formed, which is the average of the data points. The mathematical

expression of the MSE is given in Equation (2.2).

1 ~
MSE =~ YL (i — ) (2.2)
where y; is the actual value, y is the prediction, n is the number of samples.

The prediction process is done by asking the true or false question of the data point
that runs through the entire tree until it reaches the leaf node. The final prediction

represents the average value of the dependent variable in that leaf node [17].
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In this study, CART was used to choose the best model for multiple linear regression.

2.3. Performance Evaluation

2.3.1. Coefficient of determination (R-square - R?)

The coefficient of determination is represented as the variance ratio of the dependent
variable that can be expected among the set of independent variables in the multiple
regression equation. Its value lies between zero and one. The use of R-square is
intended to determine the quality of the model used, whenever the value of R-square
is close to one, this indicates the priority of the model, and if it is equal to zero, that is,
the value of Y cannot be predicted, and the model followed is not good [38]. The

Equation of R-square is

R2=1-2% 2.3)
SST

Where :

SST(sum of squared totals)= Y-, (y; — ¥)? , SSR (sum of squared residuals) =
Yie (Vi — 3752
y;= dependent variable, y,= predicted value of the dependent variable, y= dependent

variable mean [39].

2.3.2. Mean absolute percentage error (MAPE)

Choosing the best regression model to give the best prediction of the Y value is the
one in which the MSE value is the lowest among the other models. There are other
quality measures represented by the mean absolute error percentage (MAPE). In
practice, MAPE is used because it gives an intuitive explanation in terms of relative
error. For example, it is included in the price calibration of products, that is, the
measurement of gains and losses, because they are often given in relative
values.MAPE is calculated in the equation (2.4) [43].
s
MAPE = ——+— (2.4)

n

Where :
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yi = the actual data value.
;= the forecasted data value.

n = sample size.
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3. MODELING

The definition of the hybrid technique, which is the primary purpose of the thesis, and
the datasets used are explained in this section. First, the proposed technique is
mentioned, and then the information on the datasets used is given.

3.1. Modeling Approach

3.1.1. Datasets

Three sets of data were used in this thesis. The first is the advertising data set, which
was represented by using (TV, radio and newspapers) (X) to show the relationship
between these advertising methods with sales (Y) in terms of their impact on sales and

purchasing power. The number of data is represented by 200 samples [40].

The second data set contains 159 samples represented (Species of fish, length, height,
width), which are the independent variables (X) and their impact on the weight of the

fish, which represents the dependent variable [41].

The third set of data is the effect of the car's specifications on its price, which was
considered the dependent variable. The car specification was (CarName, fueltype,
aspiration, doornumber, carbody , drivewheel, enginelocation, wheelbase,carlength,
carwidth, carheight, curbweight, enginetype, cylindernumber, enginesize, fuelsystem,
boreratio, stroke, compressionratio, horsepower, peakrpm, citympg and highwaympg).

The number of samples was 205 samples [42].

The data was analyzed and processed using the Python language, version 3.9.7 using
the Jupyter Notebook tool, based on the scikit-learn library. The data were divided into

training and test 80% - 20%, respectively, and Excel program.

3.1.2. CART properties

The mean square error was chosen as a criterion for dividing the tree and finding its
branches. As for the parameters that were used and the values that were given, they

were as follows:



The maximum tree depth is a stop limit for further splits of nodes. The max_depth
value is an integer value. The max_depth of the tree was used equal to three[45]. When
searching for the best division, the number of selected features is taken into account.
If this feature is not set, the tree will take all the available features into consideration.
In this study, the number of features was not determined. max_features =None. The
min_samples_split used to specify the number of samples to be leaf nodes. This
parameter is also used to limit tree growth, min_samples leaf =1. And
min_samples_split represents the minimum number of samples the node must contain
to split. through which the tree can be organized. The default value of
min_samples_split is two. The tree searches for features of the split by means of a
parameter splitter whose default value is “best”, which means that for each node the
algorithm takes into account all the features and chooses the best split. If the splitter
parameter is set to "random", then a random subset of the features will be taken. Then
the best feature will be partitioned within the random subset [44]. max_leaf _nodes
Used to determine the number of leaf nodes in a tree, max_leaf nodes=None[46].
min_impurity _decrease this parameter is used to split a node in the event that the
impurity of this node decreases as the number of splits increases so that the value of
the impurity is greater or equal to the value of this parameter, min_impurity_decrease
=0.0 [47]. min_weight_fraction_leaf It represents the portion of the input samples to
be placed in the leaf node. The weights are determined based on the weight of the

sample, min_weight_fraction_leaf =0.0 [48].

From the observation, the max depth parameter equal to three was used, so for the
huge of the tree formed in the absence of specifying the number of tree levels, and also
for the ease of application and explanation of the concept of the research study. Tree
graphs were created export_graphviz library. The same scale and parameters were

applied to all data represented by advertising data, fish and vehicle.
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4. RESULTS

In this thesis, results were compared to predict the value of the dependent variable ()
using the regression tree method, multiple linear regression, and the special research
method of splitting the regression tree and constructing multiple linear regression
models from it in order to select the best method that gives the best prediction based

on the R-square value. Three types of data were dealt with (Advertising, Fish and Car).

After creating a regression tree for the three data, the results were as follows.

4.1. Advertising Data Results

In Figure 4.1 the size of the tree was chosen to consist of three levels (max_depth= 3),
where notice that the TV and radio variables are dominant in the tree, being the most
influential data on the dependent variable sales, where the TV advertisement splits
with 130.25.(where 130.25: is the decision threshold for that node (root node),mse:
represent the likely error make by the node in splitting samples in to left and right side,
samples: is the tatal number data points that split in to two, value: in a decision tree
regressor is the value that the tree would predict for a new example falling in that node,
To view, see pages 13, 14 and 15).The second splits were equal to 30.05 in the TV
advertisement and 26.85 on radio advertisement. It is considered TV advertisements
are more effective then the radio advertisement. Also noticeable in the third level of
the tree, which is called by the leaves, that the smallest sample is 7 and the largest

sample is 31.
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radio <= 31.45
mse = 2.58
samples =19
value = 6.805

TV <=130.25
mse = 25.8
samples = 160
value = 14.218
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TV <=30.05
mse =7.824
samples = 66
value = 10.015
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radio <= 27.1

mse = 4.094

samples = 47
value = 11.313
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radio <= 26.85
mse =17.316
samples = 94
value = 17.168

l

radio <= 9.7

mse = 3.783

samples = 46
value = 13.641

/N

TV <=210.75
mse = 6.941
samples = 48

value = 20.548

N

mse = 1.414
samples =12
value = 5.925

mse = 0.976
samples =7
value = 8.314

mse = 1.335
samples = 31
value = 10.348

mse = 4.148
samples = 16
value = 13.181

mse = 0.769
samples = 22
value = 11.959

mse = 1.575
samples = 24
value = 15.183

mse = 2.731
samples = 19
value = 18.542

mse = 5.337
samples =29
value = 21.862

Figure 4.1. Advertising max depth 3 regression tree
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Figure 4.2. Full Advertising regression tree



In figure 4.2 represents the full tree of all advertising data with a tree size of eight
levels (max _depth=8). As mentioned in Figure 4.1, the television and radio were the
most important variables with the values of ( 30.05), (26.85 ) respectively, while the
importance of newspapers appeared at the fourth level of the tree with the value of
(31.25). The smallest sample size was equal (min_sample=3) and the largest sample

size was equal (max_sample=5).

In Table 4.1 It shows that the data was siplited into three levels, represented by the
following symbols (LO, L1, L2, L3). At level (LO) represents a multiple linear
regression model for all data. While the first level (L1) is the level that was siplited on
the basis of the root node and consists of two linear regression equations as seen in
Figure 4.1. While the second level (L2) was calculated into four linear regression
equations. As for the last level in the tree with a max_depth equal to three, it consists

of eight linear regression equations.

When reading Table 4.1 The value of the coefficient of the variable TV multiple linear
regression model (0.0445840201199643), and at the first level in the right branch its
value (0.0345823663101959) and the second level in the right-left branch
(0.0204044149386929), while its value at the third level in the left-left-right branch
(0.152197800802342) shows that The values of variable TV coefficient decreases or
increases according to the level it is in. The same results can also be observed for the
radio variable which a multiple linear regression model value (0.196497034155405),
and at the first level in the right branch its value (0.264812054442296) and the second
level in the right-left branch (0.254001958373097), while its value at the third level in
the left-left-right branch (0.144874029642748). And newspaper variable which a
multiple linear regression model value (-0.00278146398192599), and at the first level
in the right branch its value (-0.00013184004) and the second level in the right-left
branch (-0.002767044), while its value at the third level in the left-left-right branch (-
0.000586751). As for the value of p, it was found that its value also decreases or rises
according to the level and depth of the tree. But the p-value is expected to decrease as

the depth of the tree increases.

A p-value of the Tv variable of the multiple linear regression model is
(4.45749438814932), and at the first level in the right branch its value
(1.57586079879491) and the second level in the right-left branch
(5.25634911539797), while its value at the third level in the left-left-right branch
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(0.00180069782084902). A p-value (where P-value is The P-value is a statistical
number to conclude if there is a relationship between the dependent variable and an
independent variable, if P-value (< 0.05) means that the coefficient is likely not to
equal zero and if P-value (> 0.05) means that cannot conclude that the explanatory
variable affects the dependent variable but if it’s zero there is no relationship [50], and
the regression coefficient represents the extent to which the average of the dependent
variable changes when one unit changes in the independent variable while keeping the
other independent variables at the model constant. When the value of the coefficient
is positive, this indicates that when the value of the independent variable increases, the
average of the dependent variable tends to increase, and in the event that it is negative,
the average of the dependent variable tends to decrease. [51]) of the radio variable of
the multiple linear regression model is (1.14899328505819), and at the first level in
the right branch its value (3.31823930330662) and the second level in the right-left
branch (1.4040996600736), while its value at the third level in the left-left-right branch
(0.0160975065617443). And a p-value of newspaper variable of the multiple linear
regression model is (0.652809785378682), and at the first level in the right branch its
value (0.598148099937265) and the second in the right-left branch
(0.447299196919234), while its value at the third level in the left-left-right branch
(0.0160975065617443).

level

Table 4.1. Advertising tree levels

intercept TV
coefficient P -value coefficient p-value

L0 2.994893 4.65E+00 0.04458402  4.457494388
L1 left 3.571018326  6.850299417 0.064994601  7.158134399
11 right 3.305860686  5.399467389 0.034582366 1.575860799
L2 left -left 2513210161 1.586497815  0.16114265  1.993317505
L2 left-right 4503562114 1.582761308 0.050786318 6.0000025

L2 right-left 6.480825039  3.852163488 0.020404415 5.256349115
L2 right-right -0.48032 0.260431599 0.048198127  2.137088554
L3 left-left-left 2.780446895  0.000203945 0.160756657  9.95752E-05
L3 left-left-right -0.04555468  0.966760978  0.152197801  0.001800698
L3 left-right-left 5.47914619 2.66917087  0.039702032 4.311163717
L3 left-right-right 3.356731419  0.001993394 0.0662364 2.593247294
L3 right-left-left 7.683138705  9.293370754 0.013047501  3.554682115
L3 right-left-right ~ 5.063502158 1.697627382 0.026204213  9.247471772
L3 nght-right-left  0.469709392  0.516937682  0.050120482  1.064262277
L3 right-right-right  -0.218273671 0.766939701 0.044856924  3.747060905
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Table 4.1. (Continued) Advertising tree levels

radio newspaper

coefficient. p-value coefficient p-value
L0 0.196497034 1.148993285 -0.00278146 0.652809785
L1 left 0.105833316 1.468126835  0.002979577 0.5981481
L1 right 0.264812054 3.318239303 -0.00013184 0.970780723
L2 left -left 0.065575253 1.132068466  0.007245233  0.143687071
L2 left-right 0.117098762 4.202453778  0.007556891 0.084177185
L2 right-left 0.254001958  1.40409966 -0.00276704 0.447299197
L2 right-right 0.287877474 5.598730405  -0.00131818 0.552447222
L3 left-left-left 0.05523426 0.00512405 0.000172803  0.987313415
L3 left-left-right 0.14487403  0.016097507  -0.00058675 0.016097507
L3 left-right-left 0.109269663 5.417694318 0.009893344 0.026968077
L3 left-right-right  0.119674606  0.000054428  0.002944859  0.604963801
L3 right-left-left 0.302945495  7.944296246 0.002570154 0.43359834
L3 right-left-right 0.26700997  9.014985909  -0.00242429 0.624610316
L3 right-right-left 0.253009533 4.437693211 -0.00097284 0.742120374
L3 right-right-right  0.302240557 1.151158853 -2.68147 0.991684836

Table 4.2. Advertising results

MAPE RMSE R2
Train Test Train Test Train Test

LO 0.114312 0.246109 1551391 2.098123 0.906711 0.860432
L1 0.054789 0.150971 0.758873 1.238536 0.977678 0.952996
L2 0.027445 0.145521 0.407861 1.264379 0.993552 0.950862
L3 0.020385 0.130592 0.311288 1.118594 0.996244 0.962266
Tree 0.458673 0.559148 6.821821 7.683423 0.00282 0.03134
Tree Full 0.463218 0.627452 6.956178 8.21254 0.003228 0.030563

In Table 4.2 shows the mean absolute percentage error, mean square error and
coefficient of determination to measure the quality of the model. Where it was found
that the value of the absolute error rate in the train MAPE and test MAPE decreases as
the level of the tree increases, and this is expected when dividing the data in the form
of multiple linear regression models, which makes the solution more accurate. It is
noticeable that the third level gave the best model compared to the rest of the levels
and the multiple linear regression model for all data, as well as for the value of the full

tree.

4.2. Fish Data Results

In the fish data set, it also depended on the depth of a tree consisting of three levels
(max_depth = 3). From Figure 4.3 where notice that the Width and length3 variables
are dominant in the tree, being the most influential data on the dependent variable

weight, where the width splits with 5.154. The second splits were equal to 41.55 in
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the length3 of the right branch of the tree while the value of the length3 of the left
branch is equal to 27.95. It is considered width more effective than length3. Also
noticeable in the third level of the tree, is that the smallest sample is 2 and the largest

sample is 31.

The tree in Figure 4.4 represents the full tree of fish data. It consists of eight levels
(max_depth = 8). It can be noted the importance of the independent variables that
affect the weight of fish, where the length3 was considered in the first degree of
importance with the values of (41.55 ),(27.95 ), then the lengthl at the second level
with a value (46.55), followed by the height at the third level with a value (6.61) and
the length2 with a value (32.9). The smallest value for the sample size (min_sample=3)

and the maximum value for the sample size (max_sample=5).

Width <= 5,154
mse = 109760.449
samples = 127
value = 379.797

Trie/ Ya‘lse

Length3 <= 27.95 Length3 <= 41.55
mse = 23738,766 mse = 47134792
samples =90 samples = 37
/ value = 199,347 value = 818.73 \

Length3 <= 21.15 Length3 <= 33.75 Width <= 7.108 ] Length1 <= 50.15
mse = 4216.47 mse = 11854.104 mse =9783.42 mse = 31910.84
samples = 56 samples = 34 samples = 21 samples = 16
value = 98.843 value = 364.862 value = 673.238 value = 1009.688

L VAN VAN W

mse = 967.265 mse = 959.802 mse = 1212.583 mse = 8121.934 mse =4914.728 mse = 1155.556 mse = 8382.781 mse = 22500.0
samples =25 samples = 31 samples = 18 samples = 16 samples =18 samples =3 samples = 14 samples = 2
value = 35.328 value = 150.065 value = 283.833 value = 456.062 value = 643.222 value = 853.333 value = 953.929 value = 1400.0

Figure 4.3. Fish max depth 3 regression tree
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Table 4.3. Fish tree levels

Whitefish Parkki Pike
coefficient p-value coefficient p-value coefficient p-value
LO -116.2916353  0.07408502  -105.8356565 0.153583999  -158.7650767  0.0724165%
L1 left 47.03676799  0.12781536  -79.09817584 0.033258817 138.6516953  0.007228342
L1 right 5.774624391 #NUM! 0 #NUM! -219.2246656 #NUM!
L2 left-left 0 #NUM! -37.07042942 #NUM! 0 #NUM!
L2 left-right -4.394399174  0.942636793  -100.7635059 0.247253041 36.90894792  0.673416714
L2  right-left -66.00032376 #NUM! 0 #NUM! 0 #NUM!
L2  right-right 0 #NUM! 0 #NUM! -483.928788 #NUM!
L3  left-left-left 0 #NUM! 0 #NUM! 0 #NUM!
L3  left-left-right 0 #NUM! -29.74024074 #NUM! 0 #NUM!
L3  left-right-left 102.0008366 0.083215174  128.0332786 0.140186016 0 #NUM!
L3  left-right-right 0 #NUM! 0 #NUM! 109.2015751 #NUM!
L3  right-left-left -172.4939639 #NUM! 0 #NUM! 0 #NUM!
L3  right-left-right 0 #NUM! 0 #NUM! 0 #NUM!
L3  right-right-left 0 #NUM! 0 #NUM! 4449484266 #NUM!
L3  right-right-right 0 #NUM! 0 #NUM! 0 #NUM!
intercept Bream Roach
coefficient P -value coefficient p-value coefficient p-value
LO -700.7939486  1.000673623 -229.6958212 0.072271184 -33.59370862 0.07227118:
L1 left -205.228072 4.95E+00 26.93935183 0.652226699  3.083808394  0.8841098:
L1 right -1285.158475  1.25993E-06 -44.18675269 0.880242362 0 #NUM!
L2 left -left -119.4132972  1.85357E-10 0 #NUM! -29.42679154 #NUM!
L2  left-right -562.658319  1.65666E-05 -122.6781559 0.366861868 -12.62603174 0.83952483:
L2 right-left -671.493322  0.014186487 15.32279558 0.948419023 0 #NUM!
L2  right-right -1409.733348  0.005787456 -843.8811868 0.067964264 0 #NUM!
L3 left-left-left -50.40699228  0.000295845 0 #NUM! -27.76449425 #NUM!
L3  left-left-right -217.297353  0.000947936 0 #NUM! -17.56321434 #NUM!
L3  left-right-left -447.7343041  0.002429337 208.0837076 0.144809121  138.738701 0.07118807¢
L3  left-right-right -483.7553394  0.403985361 0 #NUM! 0 #NUM!
L3  right-left-left -55.70758472  0.921386934 -473.9865367 0.379914096 0 #NUM!
L3  right-left-right 998.5365854 #NUM! 0 #NUM! 0 #NUM!
L3  right-right-left 53.79017663  0.914759909 -111.6154318 0.735498778 0 #NUM!
L3 right-right-right ~ -2915.116279 #NUM! 0 #NUM! 0 #NUM!
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Table 4.3. (Continued) Fish tree levels

Smelt Lengthl Length2

coefficient p-value coefficient p-value coefficient p-value
L0 302.5883268 5.06844E-10  -71.73958808  0.067663026  76.67271467 0.106831958
L1 left 60.40892895 0.008889484  60.18467653  0.004676044  -18.68381749 0.404004629
L1 right 0 #NUM! -46.59054016 #NUM! 61.23580423  0.504983296
L2  left-left 1.295649255 #NUM! 51.94391456 0.00068853  -50.83364644 0.000857843
L2 left-right 0 #NUM! 7.263888629 #NUMI 15.47205961 0.714684662
L2  right-left 0 #NUM! 100.3051193 #NUM! -119.7960936  0.076203025
L2  right-right 0 #NUM! -180.9867786 #NUMI 72.71026829  0.622214392
L3 left-left-left 0461513884  #NUM! -19.24694003  0.234344638  2.351529043 0.834872001
L3  left-left-right 0 #NUM! 40.65372115 #NUMI -28.24363009  0.302168232
L3  left-right-left 0 #NUM! -10.74034063 #NUM! 91.71255948  0.018863665
L3  left-right-right 0 #NUM! 24.68509529 #NUMI 12.53290145 0.907073941
L3  right-left-left 0 #NUM! 63.38091543 #NUMI -167.2009412  0.147187298
L3  right-left-right 0 #NUM! -4.87804878 #NUMI 0 #NUM!
L3  right-right-left 0 #NUM! 89.39683637 #NUM! 123.972658 0.337013914
L3 right-right-right 0 #NUM! 0 #NUM! 0 #NUM!

Length3 Height Width
coefficient p-value coefficient p-value coefficient p-value

Lo 16.28970884  0.605342814 3213498485 0.032473606  13.20175457 0.603989463
L1 left -30.50389572  0.030849936  39.88838599 2.03531E-05  7.927202885 0.637311506
L1 right 20.10271609  0.758169805  14.67404681 0559861337  62.13867841 0.146970791
L2 left -left 6.153136343  0.582592797  15.33210762 0.022203147  27.12511459 0.027634911
L2 left-right -8.462221856  0.752810298  46.24808278 0.004725603  25.44348805 0.459387941
L2 right-left 3850284494  0.378920641 8.06569331 0.729924771  112.2709705 0.001252214
L2  right-right 142.549956  0.248142335 54.7622247  0.192469808  -81.02254437 0.251386968
L3 left-left-left 16.04814265  0.157613054  14.87680508 0.108639257  5.692389074 0.580880149
L3  left-left-right -3.493620485  0.789182849  18.46761839 0.011251052 37.067307 0.027936678
L3 left-right-left -64.44603708  0.06941591 1214119408 0.326965548  52.59477042 0.019594901
L3  left-right-right -23.50891706  0.699586709  43.70100643 0.212751225  20.95920368  0.8024212
L3  right-left-left 109.1103124  0.24154254  35.83520268 0.472293263  7.666960772  0.90740322
L3  right-left-right 0 #NUM! 0 #NUM! 0 #NUM!
L3  right-right-left -205.0395508  0.191984187  124.3046545 0.050472531  -19.82475278 0.719210271
L3  right-right-right 69.76744186 #NUM! 0 #NUM! 0 #NUM!

As previously mentioned about the symbols of the tree levels in the advertising data
set, the same mechanism was dealt with the fish data set. From reading Tables 4.3 and
4.4, it was found that the value of the coefficient of the linear regression model for the
variables (Bream= -229.6958212, Roach= -33.59370862, Whitefish= -
116.291635283559, Parkki=-105.835656534886, Pike=-158.765076662994, Smelt=
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302.588326825736, Lengthl= -71.7395880841768, Length2= 76.672714674299,
Length3= 16.289708843742, Height= 32.1349848470633, Width=
13.2017545656934), while the values of the coefficient of the linear regression for the
three levels increase or decrease according to the level in which it is, as it was observed
in the advertising data set, or it is equal to zero, that is, there is no linear relationship

or influence between the independent variables and the dependent variable.

The p-value of the multiple linear regression model for all data (Bream=
0.0722711843532193, Roach= 0.0722711843532193, Whitefish=
0.0740850203548798, Parkki= 0.153583999276752, Pike= 0.0724165497916362,
Smelt= 5.06844012584746, Lengthl=  0.0676630263147532,  Length2=
0.106831958131172, Length3= 0.605342813860757, Height= 0.0324736063588774,
Width= 0.603989463006968). While the value of p when dividing the data, it can be
seen in Table 4.3 when the variable Roach is that it decreases as the depth of the tree
increases and this is expected (L1-left= 0.884109869981005,L2-left-right=
0.839524831920473,L3-left-right-left= 0.0711880789199419), although there are
some values in the variable Roach that are not applicable. While the rest of the

variables, the values of p increase or decrease depending on the level at which it is.

Table 4.4. Fish results

MAPE RMSE R2

Train Test Train Test Train Test
LO 0.383754  0.30317 71.66277 1215637  0.956551  0.937677
L1 0.185975  0.140321  44.64082  64.83715 0.981868  0.97922
L2 0.123813  0.109866  32.23212 5435301  0.990538  0.985438
L3 0.078388  0.17237 25.63684  91.51419  0.994022  0.960422
Tree  5.383027  2.453518  462.5981  584.213 7.76E-05 0.000137
Tree  5.434081  2.413886  463.6655  575.1419  0.000134  6.44E-05
Full

It is noticeable in Table 4.5 that the train MAPE value at the third level gave the best
result, while the test MAPE value at the second level gave the best result. In this case,

the third level cannot be considered the level that represents the best model.

4.3. Car Data Results

In the car data set at Figure 4.5 of a three-level tree(max_depth=3), it can be seen that

the enginesize, curbweight and peakrpm variables are dominant in the tree, being the
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most influential data on the dependent variable price, where enginesize splits with 182.
The second splits were equal to 2544 in thecurbweihkt and 4425 on peakrp. It is
considered enginesize more effective than curbweight and peakrpm. Also noticeable
in the third level of the tree the smallest sample is 1 and the largest sample is 50.

enginesize <= 182.0
mse = 57338634.612
samples = 163
value = 13112.946

TrLV Nis ]

curbweight <= 25440 peakrpm <= 44250
mse = 19802909.077 mse = 16001889.551
samples = 149 samples = 14
value = 11226,806 value = 33186.857
horsepower <= 83.0 / curbweight <= 2749.5 curbweight <= 3760.0 \ carlength <= 203.85
mse = 5638098.188 mse = 10291017.753 mse = 4608060.0 mse = 7606192.8
samples = 92 samples = 57 samples =4 samples = 10
value = 8456.75 value = 15697.775 value = 28394.0 value = 35104.0
mse = 1119627.314 mse = 5191506.438 mse = 5380739.662 mse = 7887876.14 mse = 1573219.556 mse = 0.0 mse = 4317654.222 mse =00
samples = 50 samples = 42 samples = 15 samples = 42 samples =3 samples = 1 samples =9 samples =1
value = 6962.08 value = 10236.119 value = 12769.267 value = 16743671 value = 27326.333 value = 31600.0 value = 34453.333 value = 40960.0

Figure 4.5. Car max depth 3 regression tree

the Full tree data of the car, consists of eight levels (max_depth= 8).The two
independent variables horsepower and curbwieght with values 139 , 2544 respectively
represent the most influential variables, then follow this in the second level, carwidth=
70.55 and at the third level carlength=184.65, peakrpm=5450,citympg= 22 and the
highway mpg= 29.5 and at the fourth level, the drivewheel rwd= 0.5 and
enginsize=114 and at the fifth level the wheelbase=94.4, stroke= 3.29 and
boreratio=3.585 and at the sixth level carbody_hatchback=0.5 and at the seventh level
doornumber=0.5. Minimum sample value (min_sample=3) and maximum sample

value (max_sample=5).
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Table 4.5. Car tree levels

intercept fueltype aspiration
coefficient p-value coefficient p-value coefficient p-value
LO -2.33E+04 -4,30E+04 -1.84E+04 -2.89E+04 1904.2679 -193.332
L1 left -2.16E+04 -3.73E+04 -1.03E+04 -1.94E+04 1797.9546 2.827
L1 right -134.8273 -434.655 22.9391 -261.985
L2 left-left -4.4TE+04 -6.60E+04 -1.63E+04 -28100 -671.767 -2302.773
L2 left-right 271.7626 -41300 -7816.0254 -29500 9619.2476 3995.16
L2 right-left -1.68E-10 nan -0.0002 nan
L2  right-right -15.1329 -36.313 2.41E-10 -1.03E-10
L3 left-left-left -1.57E+04 -3.08E+04 3742283 -2029.104
L3 left-left-right -9.85E+04 -5.34E+05 -255.8169 -2731.236
L3 left-right-left 2.2035 -108.8839 -569.746 160.2785 -2187.053 157.0955
L3 left-right-right 3.81E+04 4463.7935 -52000 1.56E+04 -3.29E+04 4824198
L3 right-left-left -4.52E-11 nan 0.0052 nan
L3 right-left-right 1.42E-16 1.41E-16 0.001 0.001
L3 right-right-left -0.8155 -3.175 5.53E-11 -2.43E-10
L3 right-right-right 0.0011 0.001 0 0
dUUI IIUIIIbUI Lal bUdy_l.,UI IVEl tlbit‘ Cdl budy_hatuhbauk
coefficient p-value  coefficient ~ p-value coefficient ~ p-value
LO -86.852 -1284.231  3043.114 392.806 -749.5364  -1968.261
L1 left -93.553 -1087.931 4107.62 1604.264  -196.5993  -1223.059
L1 right 42134034  -5856.687  4260.8892 -4.13E+03  -2.90E-12  -7.18E-12
L2 left-left -234.5092 -965.588  1820.8278  -734.056 159.8933 -580.083
L2 left-right 1502.2533  -900.761 584.4795  -3157.984 1172987  -1042.516
L2 right-left 394.9986 nan 0 nan 0 nan
L2 right-right 192.6502 -143.457  2023.4232  -2496.827  -1.25E-12  -3.02E-12
L3  left-left-left -85.9069 -808.159 9.12E-10 141E-10  -378.5542  -1064.087
L3  left-left-right -108.5202  -1659.588  1325.2743  -3383.154  253.1355 -891.843
L3  left-right-left -3730.075 430.0559 -28300 -128.9648  -2883.39 711.9237
L3  Ileft-right-right 5547.949 -999.2193  -3622.296  1481.6391  -7987.508  -913.3701
L3 right-left-left 108.0787 nan 0 nan 0 nan
L3 right-left-right 0 0 0 0 0 0
L3 right-right-left -25.9032 -303.463  1021.4458  -2725.85 480E-13  -1.55E-12
L3 right-right-right 0 0 0 0 0 0
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Table 4.5. (Continued) Car tree levels

carbody_wagon

carbody_hardtop

drivewheel_rwd

coefficient ~ p-value  coefficient ~ p-value  coefficient  p-value
LO -1791.5757 -3089.047  -788.356 -3041.9  1350.0475  -104.04
L1 left -1106.235  -2239.801 -1228.6257 -3366.078 1246.5296  16.373
L1 right 27149204  -1369.204  770.3041  -4877.755 -111.8882 -2.60E+02
L2  left -left -910.3977  -2017.096 -1131.6638 -2984.395  -69.159  -1773.894
L2 left-right -2533.756  -4932.208  -255.2132  -3522.68 2452.2335  -506.326
L2 right-left -116.9748 nan 394.9986 nan -0.0002 nan
L2 right-right -2.95E-14  -2.88E-13 -1696.9626 -6222.563  -15.1329 -36.313
L3 left-left-left -624.6154  -1587.603 6419672  -898.647  -348.9154  -2064.873
L3 left-left-right -1128.195  -4164.855 2609.2984  -31700  -5853.684  -30200
L3 left-right-left -17600 -143.9955  -16500  -263.8799  -25700 49.1911
L3 left-right-right ~ -2506.606  4.48E-10  -4.06E+03 -1898.459 -4.16E-10 -6380.1099
L3 right-left-left 9.1756 nan 108.0787 nan 0.0052 nan
L3  right-left-right 0 0 0 0 0.001 0.001
L3 right-right-left -3.63E-14  -1.38E-13  -1092.027 -5195.781  -0.8155 -3.175
L3 right-right-right 0 0 0 0 0.0011 0.001
drivewheel_4wd enginelocation wheelbase
coefficient  p-value  coefficient  p-value  coefficient  p-value
LO -731.0067 -2869.784 1.19E+04 6.60E+03  57.1853  -124.648
L1 left -490.6882  -2320.555 1.67E-11  4.09E-12  -51106  -173.763
L1 right -4.19E-13  -1.01E-12 2567.5899 -1549.571 977.9964  -1406.533
L2 left -left 231.0134  -1291.11  -291E-10 -4.30E-10  -51.056  -253.119
L2 left-right -6292.2788  -13600  3.43E-12 -129E-10 227.4835  -94.732
L2 right-left 0 nan 0 nan -525.8807 nan
L2 right-right -1.19E-28  -3.55E-27 403.7947  -252.585 1644.1829  -877.024
L3 left-left-left -673.9578  -2383.087 -6.41E-10 -1.18E-09 -155.0577  -382.679
L3  left-left-right -1851.8687 -7798.93  2.27E-09 -7.52E-09 -147.7018 -1369.212
L3 left-right-left -13900  -1.48E-13 -2.38E+03  96.2658  -3.6E-12  -849.9295
L3 left-right-right ~ -8927.519 -4.90E-10 -1.76E+04 266.2375 -15E-09  -203.7673
L3 right-left-left 0 nan 0 nan -356.0912 nan
L3 right-left-right 0 0 0 0 0.1099 0.11
L3 right-right-left 0 0 -116.5857  -496.583  -605.4966 -1916.764
L3 right-right-right 0 0 0 0 0.1389 0.139
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Table 4.5. (Continued) Car tree levels

carlength carwidth carheight
coefficient p-value  coefficient  p-value  coefficient  p-value
LO -54.3584 -162.939  751.5903 249.42 162.6435  -99.682
L1 left 22.9428 -75.77 549.3004  105.834 61.7689  -159.713
L1 right 10.5319 -1893.787 -845.0754 -3776.602 -638.3781 -3082.525
L2 left -left -47.4166 -142.937  392.7214  -77.838 44,113 -151.468
L2 left-right -233.4137  -550.806  327.8398  -816.896  548.0507  -247.563
L2 right-left 281.6733 nan 194.3936 nan -917.1285 nan
L2 right-right -1293.6943  -3256.801 867.5925 -1073.861 -129.6007 -1546.093
L3 left-left-left -63.0415 -158.699  678.0375 32.33 100.4006  -149.108
L3 left-left-right -21.4448 -331.319  -274.8241 -1045.018  99.5152  -865.599
L3 left-right-left -3810.652  298.9207 -9588.841  917.6177 -16300 9.5706
L3 left-right-right -317.941 811.0261  -674.892  -758.2084 -1043.106  17.6382
L3 right-left-left -366.4809 nan 0.3634 nan -152.4476 nan
L3 right-left-right 0.1926 0.193 0.0681 0.068 0.0535 0.054
L3 right-right-left -81.7602 -770.614  -55.9286  -1982.126 332.8347 -1153.299
L3 right-right-right 0.2391 0.239 0.0824 0.082 0.0651 0.065
curbweight enginetype_dohc enginetype_ohcv
coefficient  p-value  coefficient p-value coefficient  p-value
LO 6.243 1.93 -2026.68  -3929.219  -6655.9592 -9258.684
L1 left 4.4755 -0.124  -2488.2727 -4508.198 -3543.7643 -6216.472
L1 right 5.8958 -18.003  -1551.9798  -3647.075  1304.7855  -1511.97
L2 left -left 10.3422 4,904 -5628.0215  -8436.912  -1.10E-10  -1.62E-10
L2 left-right 17.3888 3.809 4786.5652 148.398 2291.4631  -2897.533
L2 right-left 20.556 nan 0 nan 0 nan
L2 right-right 0.6731 -18.274 -99.8057 -492.788 109.7794  -111.522
L3 left-left-left 11.0741 2.595 -5.78E-11  -1.05E-10  -7.11E-11  -1.29E-10
L3 left-left-right 8.6819 -8.906  -6935.1668 -18900 -2.54E-09  -1.34E-08
L3 left-right-left -17700 430.0559  -224.676 0 -2883.39 0
L3 left-right-right  -2267.352 4268.616 1.268 1898.6449 -10500 -7.68E-11
L3 right-left-left 12.8605 nan 0 nan 0 nan
L3 right-left-right 3.5831 3.583 0 0 0 0
L3 right-right-left 37.1938 -23.878  -169.9568  -591.275 90.6825 -121.993
L3 right-right-right ~ 4.4802 448 0 0 0.0011 0.001
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Table 4.5. (Continued) Car tree levels

enginetype_dohcv enginetype_| enginetype_rotor
coefficient ~ p-value coefficient p-value coefficient p-value
LO 5.64E-12  -1.69E-11 -5468.7979 -7975.613 -1324.363  -7688.054
L1 left 1.33E-11 -197E-13 -2360.0264 -4843.436 -7017.3654 -12600
L1 right 0 0 0 0 0 0
L2 left -left 1.36E-10 7.25E-11 5.41E-11 2.97E-11 -2.80E+04  -4.05E+04
L2 left-right 1.21E-11 -6.70E-11 -1.14E+04 -1.77E+04 1.93E-12 -1.03E-11
L2 right-left 0 nan 0 nan 0 nan
L2 right-right 0 0 0 0 0 0
L3 left-left-left 1.48E-12 -5.77E-12  4.65E-11 6.51E-12  -3.03E-11  -5.56E-11
L3 left-left-right 6.43E-10 -2.02E-09  1.94E-09  -6.33E-09 -6.45E+04  -3.23E+05
L3 left-right-left 0 0 0 0 0 49.1911
L3 left-right-right  -1.18E+04 -1.56E+04 -2.51E-10 -1.25E-11 -2.67E+04 1.12E-11
L3 right-left-left 0 nan 0 nan 0 nan
L3 right-left-right 0 0 0 0 0 0
L3 right-right-left 0 0 0 0 0 0
L3 right-right-right 0 0 0 0 0 0
enginetype_ohcf cylindernumber_four cylindernumber_six
coefficient p-value coefficient p-value coefficient p-value
LO -489.8347  -3190.855  -8002.9811 -12400  -4920.6476 -8361.294
L1 left -2235.3223  -4586.517  -7452.2235 -11600  -1895.4968 -6383.854
L1 right 2567.5899  -1549.571 0 0 -1439.6128  -4172.147
L2 left -left -5868.8819  -8809.511  -1.67E+04 -2.63E+04 -2.79E-12  -5.27E-12
L2 left-right -2143.8896 -13900 -3383.7902 -17400 3195.492 -11200
L2 right-left 0 nan 0 nan 0 nan
L2 right-right 403.7947 -252.585 0 0 -124.9123  -354.465
L3 left-left-left -760.6781  -3343.044  -4.31E+04 -7.89E+04  2.98E-11  5.14E-12
L3 left-left-right -1.77E+04  -5.20E+04  -3.40E+04 -2.12E+05 -6.97E-11  -3.62E-10
L3 left-right-left 0 213.9394  -2376.236 0 -2926.433  -211.7359
L3 left-right-right -4.25E-11 1.13E+04  -7.69E-12 2.25E+04 -2.51E+04 4361.5493
L3 right-left-left 0 nan 0 nan 0 nan
L3 right-left-right 0 0 0 0 0 0
L3 right-right-left -116.5857 -496.583 0 0 -91.4981 -303.89
L3 right-right-right 0 0 0 0 0 0
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Table 4.5. (Continued) Car tree levels

cylindernumber_five

cylindernumber_three

cylindernumber_twelve

coefficient p-value  coefficient p-value coefficient p-value
LO -7878.6331 -12700 6.14E-13  -7.37E-12  -2173.0198 -11400
L1 left -5187.0432 -10100 -4.71E-12  -9.57E-12 4.48E-12 -2.04E-12
L1 right 22.9391 -261.985 0 0 -817.7899  -1866.576
L2 left -left -2.64E-11  -3.77E-11 -1.35E-11 -2.08E-11 -2.13E-12 -3.05E-12
L2 left-right 460.0609 -13800 -6.28E-13  -6.68E-12  -4.06E-12  -2.86E-11
L2 right-left -0.0002 nan 0 nan 0 nan
L2 right-right 0 0 0 0 -133.8104 -351.038
L3 left-left-left 2.05E-11 3.53E-12 0 0 0 0
L3 left-left-right -5.15E-10  -2.74E-09 -1.29E-10 -6.97E-10 -2.33E-10 -1.25E-09
L3 left-right-left 0 0 -2882.487 0 0 0
L3 left-right-right -10500 5.94E-12 -2.67E+04 -7.52E-12  -5.77E-12 1.38E-11
L3 right-left-left 0.0052 nan 0 nan 0 nan
L3 right-left-right 0.001 0.001 0 0 0 0
L3 right-right-left 0 0 0 0 44.678 -65.93
L3 right-right-right 0 0 0 0 0 0
cylindernumber_eight enginesize fuelsystem_spdi
coefficient p-value coefficient p-value coefficient p-value
LO 973.4391  -4803.764 78.4111 22.697 -2307.7933  -4534.878
L1 left -1.41E-12  -3.36E-12  -45.3831 -107.441 -980.5384  -2884.998
L1 right 21225754  -1515.161  -85.9715 -388.122 0 0
L2 left -left 5.26E-12 1.83E-12  -299.5302  -441.475  -1432.8464 -3021.881
L2 left-right -5.31E-12  -2.36E-11  -33.1789 -141.776 ~ -5019.2744 -1.29E+04
L2 right-left 0 nan -0.0432 nan 0 nan
L2 right-right 243.5898 -63.005 72.1313 -175.327 0 0
L3 left-left-left 0 0 -157.4424 -371.391 0 0
L3 left-left-right -9.41E-12  -4.19E-11  -891.826  -3779.729  -430.6148 -2450.861
L3 left-right-left 0 -84.5759 0 0 0
L3 left-right-right -2.18E-11 -98.6434 -1.45E-11 -1.45E-11  -1.82E+04
L3 right-left-left 0 nan 0.9459 nan 0 nan
L3 right-left-right 0 0 0.1739 0.174 0 0
L3 right-right-left 46.0045 -82.733 -372.0996  -1045.403 0
L3 right-right-right 0.0011 0.001 0.3538 0.354 0
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Table 4.5. (Continued) Car tree levels

fuelsystem_2bbl fuelsystem_mfi fuelsystem_1bbl
coefficient ~ p-value coefficient p-value  coefficient  p-value
LO 292.334 -907.995  -2423.3222  -6942.285  639.6163 -1376.988
L1 left -499.2554  -1529.466 -6.5813 -3800.603  951.0981  -739.433
L1 right 0 0 0 0 0 0
L2 left -left -860.4205  -1819.418 0 0 -166.5711  -1601.067
L2 left-right 142E-12  -2.26E-12  -4551.1538 -12400 0 0
L2 right-left 0 nan 0 nan 0 nan
L2 right-right 0 0 0 0 0 0
L3  left-left-left - -15100 0 0 - -15700
7796.8411 7921.5671
L3 left-left-right -234.2883  -3913.645 0 0 1515.0197 -3092.627
L3 left-right-left -1309.754 0 0 -770.4929 0 0
L3 left-right-right -618.703 0 -4.11E+04 0 0 0
L3 right-left-left 0 nan 0 nan 0 nan
L3 right-left-right 0 0 0 0 0
L3 right-right-left 0 0 0 0 0
L3 right-right-right 0 0 0 0 0
fuelsystem_spfi fuelsystem_4bbl fuelsystem_idi
coefficient ~ p-value coefficient p-value coefficient p-value
LO -800.2546  -5247.937  -2006.406  -6892.619  -4960.3383 -19300
L1 left -1639.5491 -5424.564 -2302.6585 -6.36E+03  -1.12E+04 -22900
L1 right 0 0 0 0 22.9391 -261.985
L2 left -left 0 0 -2748.6081  -6.22E+03  -2.84E+04  -4.25E+04
L2 left-right -8895.4236  -16200 0 0 8087.7881 -24200
L2 right-left 0 nan 0 nan -0.0002 nan
L2 right-right 0 0 0 0 0 0
L3 left-left-left 0 0 0 0.00E+00  -2.74E+04 -51500
L3 left-left-right 0 0 -6471.2126 -36800 0 0.00E+00
L3 left-right-left 0 111.0874 0 -1320.5134 -20800 -1406.5093
L3 left-right-right -40500 3.37E+04 0 -2961.5599  0.00E+00  597.4426
L3 right-left-left 0 nan 0 nan 0.0052 nan
L3 right-left-right 0 0 0 0.001 0.001
L3 right-right-left 0 0 0 0 0
L3 right-right-right 0 0 0 0 0
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Table 4.5. (Continued) Car tree levels

boreratio stroke compressionratio
coefficient  p-value coefficient ~ p-value  coefficient ~ p-value
LO #REF! -5943.338  -3278.7398 -5103.283  -980.948  -2143.718
L1 left 1579.1461 -1389.106 -2004.5914  -3607.28 85.8556 -934.236
L1 right 4444062  -132.118  -2330.8356 -6051.728  151.1878  -414.522
L2 left -left 169E+04  8962.983 34549781 -1078.973 8554403  -231.578
L2 left-right 660.6602  -3974.427  -1923.0281 -4622.238 -2246.6435 -5290.604
L2 right-left -0.0008 nan -0.0009 nan -0.0051 nan
L2 right-right 73.5208 -49.45 -233.1178  -582.149 -16.8882  -273.039
L3 left-left-left 7159.3427  -797.602 5602.285 100.566 128.1422  -1396.289
L3 left-left-right ~ 6.01E+04 -151E+05  1.36E+04 -70800 23473194  -56.858
L3 left-right-left 0 597.9757  -1468.305  202.2434 -20200 7.6599
L3 left-right-right 0 -3871.0427 -30200 -393.4773 -21900 0.0787
L3 right-left-left 0.0185 nan 0.0188 nan 0.1111 nan
L3 right-left-right 0.0034 0.003 0.0035 0.003 0.0204 0.02
L3 right-right-left -29.577 -97.732 -119.6923  -380.158 -28.2241  -288.703
L3  right-right-right ~ 0.0044 0.004 0.0038 0.004 0.0092 0.009
horsepower peakrpm citympg highwaympg
coefficient ~ p-value  coefficient  p-value  coefficient  p-value  coefficient  p-value
LO -3.2812 -53.112 1.7277 0.447 -82.2907  -388.421  140.6467  -138.41i
L1 left 28.0497 -20.703 0.0172 -1.133 -167.8874  -423.424 1193761  -113.32¢
L1 right 12.8674  -282.976 8.5328 -8.411 -611.2595  -2516.258  -604.7472 -
1831.93¢
L2 left -left 74.3598 2.786 0.2836 -0.943 5.3657 -212.006 11.7114 -179.28
L2 left-right -227.6085  -402.097 -1.7922 -6.578 -449.1268  -1812.902  548.0866  -208.63t
L2 right-left -0.029 nan -1.026 nan -0.0052 nan -0.0059 nan
L2 right-right -35.4456 -300.64 13.1706 -4.731 -516.3765 -1201.262  -844.1453 -
L3 left-left-left 41.1551 -76.019 -0.6167 -2.314 4.499 -167.142 47.1414 2%572526?
L3 left-left-right 156.9843 1.703 -2.4577 -9.251 417771 -1974.412  -635.2474 -
1898.04¢
L3 left-right-left -23100  -888.8245 -5787.936 1208.5534 -2071.547 -8229.486  -118.589 -10100
L3  left-right-right  -3196.428 568.6304 -8492.935 349107  -738.111 -1426.238  -10.901 -927.84
L3 right-left-left 0.6358 nan 22.4843 nan 0.1137 nan 0.1292 nan
L3 right-left-right 0.1169 0.117 41343 4.134 0.0209 0.021 0.0238 0.024
L3  right-right-left ~ 288.7903  -266.989 1.0925 -12.075 -69.98 -359.32  -217.7739  -1082.31
L3  right-right-right 0.2114 0.211 5.1695 5.169 0.0161 0.016 0.0184 0.018
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In Table 4.6, it can be seen that the value of the regression coefficient and the p-value
(-23300,-43000) respectively, gave a negative value where the negative value in the
regression coefficient indicates a decrease in the rate of the dependent variable and the
negative value of p-value indicates that there is a negative relationship between the
dependent and the independent variable that is they go in opposite directions and also
for the case of variable fueltype while with the variable aspiration and it's find that the
regression coefficient gave a value of (1904.2679) while the value of p-value is
negative (-193.332) there is a significant effect between the independent variable and
the dependent variable but in opposite directions It can also be noted that in.The other
levels L1, L2, and L3 gave the same results, although there were some values in some

variables that were not applicable.

In the advertising data set and the fish data set, the results were for the values of the
multiple linear regression model as well as the regression models after dividing the
data into three levels that were decreasing or increasing depending on the level in
which it was and some values were equal to zero for the coefficients of the independent
variables, meaning there is no effect on the dependent variable, and some of them are
not applicable as well As for the values of p, it can be observed that the same results
for the car data set gave the same result. As in Tables 4.6, 4.7, 4.8, 4.9, 4.10, 4.11,
4.12.

Table 4.6. Car results

MAPE RMSE R2

Train Test Train Test Train Test
LO 0.112945 0.165514 1967.917 15140.32 0.93945 0.887091
L1 0.093532 0.150159 1562.944 2814.508 0.959427 0.903426
L2 0.09231 0.305106 1681.753 6448.438 0.954849 0.569338
L3 0.079998 0.538321 1800.315 13054.29 0.956967 0.153827
Tree 0.617766 0.584156 9826.857 11765.35 0.015332 0.00907
Tree 0.633201 0.581689 9989.75 11778.57 0.01431 0.019246

Full

The train MAPE is in Table 4.13 gave the best result at the third level (L3), while the
test MAPE gave the best result at the first level(L1). It can be seen from the table
mentioned earlier that train, Test R-Square, and RMSE have the best result in the first
level(L1). Therefore, it cannot be considered that the third level (L3) gives the best

model. Consequently, must use more than one measure to obtain an optimal model.
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5. CONCLUSION

Decision-making and prediction of events are an integral part of our lives. Regression
trees are one of the common ways of arranging our decisions and are considered one
of the machine learning methods. The multiple linear regression model algorithm is
also an important method in prediction. In this research, a process of combining the
regression tree algorithm and the multiple linear regression algorithm has been
proposed to form multiple linear regression models from the regression tree, and it was
applied to three types of data. In the first data set, it is clear that, depending on the third
level (L3), it was found that it gave the best result by reducing the error. Unlike the
second data set, it gives the least error in train at the third level (L3), while in the test
it was not enough to give the best result at the third level (L3). In this case, the optimal
level must be found L1, L2, L3...etc. This depends on the problem under study. In
addition, it is not possible to rely on one measure to choose the best result, but other
measures of error must be added to obtain the best result, i.e. the best model. It can
also be noted that the third data set gave the best result at the first level(L1), but not
the only one, as the third level (L3) also gave the best result.It can be said that splitting
the data set is a good method because at least in the three data sets L1, L2, L3, it gave
the best results compared to LO or the full tree. However, using the multiple linear
regression model alone does not give the best result, but can add a Classification and
Regression Tree to divide the data set and find the best result from the multiple linear
regression model and the full tree.
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