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Abstract 

This thesis is based on the construction of a mathematical:model for deter- 

mining unknown parameters using multivariate regression analysis. Structured 

data are given for the derivation and elimination of significant factors and coef- 

ficients. Also, machine learning simple regression models are used for modelling. 

The results have been evaluated and shown for comparative purposes.
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epAi AHbIKTayAbIH MATeMaTUKAJIbIK MOJeiH Kypyra Heri3qenren. Manpi3yzpi cbak- 

TOpsap MeH KosoulvenTTepli wWbirapy YUH KypbIIbIMMasraH Jepektep KelI- 

TipimreH. CoHbIMeH KaTap, MOJeJIbJey YUH MallIMHaIbIK OKBITYAbIH, Kapamaiibim 

perpeccuaJIblk MOgebLepi KO Janbuiagbl. HeTwxenep OarayiaHbIl, CaJIbICTbIpMa- 

Jibl MaKcaTTap YH KepcerTisi.



AHnHOTanMaA 
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1. Introduction 

The considered structural data are taken from Kazakhstani sources and not all 

parameters have been fully described. During analysis process, implicit data were 

identified and replaced with average values. 

names year volume fueltypo transmission body drive milesge wheel color cy cosrance price 

Toys dis pan cog PROS gg cen . fa 13800000 

100000 

Figure 1.1: Cars dataframe 
\ 

The first five rows of dataframe has been shown in Figure 1.1. 

RangeIndex: 4997 entries, 8 to 4996 
Data columns (total 13 columns): 
names 4997 non-null object 
year : 4997 non-null int64 
volume 4995 non-null float64 
fuel_type 4995 non-null object 
transmission 4997 non-null object 
body 4997 non-null object 

i _ drive ; 4405: non-null object 
mt + @ileage "3276 non-null float64 

wheel . 4952 non-null object 
color 4596 ngn-null object 
city 4997 non-null object 
customs clearance 4997 non-null object 
price 4997 non-null int64 
dtypes: float64(2), int64(2), object(9) 

' 4. Figure 1.2: Dataframe information 

General information about dataframe content(Figure 1.2) is quite clear and 

enough to model and analyze.
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- Figure 1.3: Mean prices 

Mean prices of cars after 2016 has been looked overwhelming (Figure 1.3), but 

it has been up to individual production models of cars as ‘Rolls Royce’ or so on. 

Those data has not been counted as outliers. 
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Figure 1.4: Name per amount 

The minimum point of amount was 1 and it has been grown in certain models 

of cars which are popular and high sold in Kazakhstan (Figure 1.4 and Figure 

1.5).
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Figure 1.5: More than 200 

Amount of each car's model more than 200 

The total number of unique city is 137 and there were a lot of unimportant 

suburbs and villages. Figure 1.6 has shown the important places in general which 

amount is more than 30. 
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Figure 1.6: Amount per city 
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Figure 1.3 and Figure 1.4 have fully described the unbalance of data. In the 

next step we have cut the data by triangle method.



2. Multivariate regression 

In all the problems considered so far - estimation, ranking, and probability estima- 

tion - the label space was a discrete set of classes. In this section, we consider the 

case of a real-valued target variable. The evaluation function is called f: J + R 

mapping. . 

The problem of learning regression is to construct an evaluation function by 

examples (2x;, f(zi)). For example, the task may be to find an evaluation func- 

tion for the Dow Jones or London stock index FTSE 100, based on the selected 

economic indicators. Although at first it looks like a natural and not promising 

special difficulties generalization of discrete classification, there are differences - 

and significant. First, we move from a relatively low-resolution target variable to 

a, variable whose resolution is infinite. An attempt to achieve such a resolution in 

the training of the evaluation function will almost certainly lead to retraining, and 

in addition, it is. very likely that some of the values of the target variable appeared 

as a result of fluctuations that the model is not able to catch. It is therefore rea- 

sonable to assume that the examples are noisy and that the evaluation function 

should only capture the General trend, or form of the function. 

To avoid this over-training, as shown in the example, it is recommended to 

choose the smallest possible degree of polynomial - often assuming a simple linear 

dependence. Regression is a task in which the difference between grouping and 

ranking models. The idea of the grouping model is to intelligently divide the 

object space into segments and train the simplest local model in each segment. 

For example, in, decision trees, the local model is a classifier on the basis of the 

majority class. In the same vein, to obtain a regression tree, we could predict a 

constant value at each leaf node. 

In a one-dimensional problem from the example, this would lead to a piece-
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Figure ‘2.1: One dimensional problem observing 

wise constant the function shown in Figure 2.1 on the right. Note that such a 

grouping model can be precisely adjusted to the specified points. In this sense, it 

is similar to a polynomial of a sufficiently high degree and suffers from the same 

disadvantages associated with the danger of retraining. 

To better understand the phenomenon of retraining, consider the number of 

parameters in each model. The polynomial of degree n of parameters n + 1: so, 

the line y = Ah + B has two parameters, and the polynomial of degree 4, which 

passes through five poirits, has five parameters. Piecewise constant model with n 

segments has 2P - 1 parameters: n values y and p -1 values x, in which there are 

‘jumps’. So that the model can accurately interpolate the given points, it must 

have more parameters. The heuristic rule is that to avoid overfitting, the number 

of parameters estimated from the sample data should be significantly less than 

the size of the available sample. 

We have seen that classification models can be calculated by applying the 

loss function to gaps, penalizing negative gaps (for incorrect classification), and 

rewarding positive ones, (for correct classification). Regression models are calcu- 

lated by applying the loss function to residuals f (x) — f' (x). In contrast to the 

loss functions for classification, the loss function for regression is usually sym- 

metric with respect to O (although it is acceptable to specify different weights 

for positive and negative residuals). The most common loss function is taken to 

be the square ‘of the residuals. This is convenient from a mathematical point of 

view, and the hypothesis that the observed values of the function are true values 

contaminated by additive noise with a normal distribution is put forward as a 

justification. 

Underestimating the number of parameters of the model, we will not be able 
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to reduce losses to zero, no matter how much training data is presented. On the 

other hand, a model with a large number of parameters will be more dependent 

on the training sample, and small sample changes can lead to a significant change 

in the model. This is sometimes called the dilemma of the offset dispersion: less 

complex the model is not severely affected by variance due to random fluctuations 

in the training data, but can give systematic error can not be eliminated even by 

increasing the volume of training data; on the other hand, a more complex model 

eliminates this bias, but can be subject to unsystematic errors due to variance. 

We can refine this reasoning a bit by noticing that the mathematical waiting 

for the square of losses on the training example x can be represented as follows: 

El(f(2) — f'(@))"] = F(@) — ELF (@)])? + El(f'(@) - E[f'(2)))”] 

It is important to note that the expectation is calculated by different the train- 

ing sets and hence the various evaluation functions, but the learning algorithm 

and example are fixed. The first term on the right side of equation [2.1] is zero 

if the evaluation functions are correct on average; otherwise, the algorithm ex- 

hibits a systematic error, or bias. The second term quantifies the variance of the 

evaluation function f (x) resulting from variations in the training set. 

Figure 2.2: Dartboard illustration 

The dartboard target on Figure 2.2 illustrates the concepts of displacement 

and variance. Different tatgets correspond to different learning algorithms, and 
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Darts denote different training samples. For the algorithms in the upper row is 

characterized by a small displacement - Darts on average are located close to the 

center of the target (the true value of the function for a particular x), and for 

the algorithms in the lower row - a large displacement. For algorithms in the left 

column there is a small:variance and a large variance in the right column. 

It is obvious that the best case is in the upper left corner, but in practice 

such luck is rare, and it is necessary to choose either low displacement and high 

dispersion (for example, to approximate the target function by a high degree poly- 

nomial), or high displacement and low dispersion (for example, to apply linear 

approximation). We will return to the displacement-variance dilemma more than 

once: although the decomposition shown above is not unambiguous for most loss 

functions (except quadratic), it serves as a useful conceptual tool for understand- 

ing over-and under-learning. 

So far, we have been interested only in teaching predictive models with a 

teacher. That is, as a result of the training, we find the mapping of the space of 

objects x to the space of outputs y, using the marked examples. 

This type of training is called "supervised", because of the presence in the 

training data ofithe target variable f(x), which must be provided by the "teacher" 

with certain knowledge of the true marking function 1. Models are called "pre- 

dictive" because the results they produce are either direct estimates of the target 

variable or provide enough information about its most likely value. Thus, we paid 

attention only to the type of models. In the rest of this Chapter, we’ll look at 

three other kinds of models: 

1. learning without a teacher predictive model on the example of predictive 

clustering; 

et ee ae | ; 
2. teaching without a teacher descriptive model on the example of descriptive 

clustering and detection of Association rules; 

3. supervised learning of descriptive models on the example of identifying sub- 

groups. 

Let’s think about the nature of descriptive learning. The challenge is to get 

a description of the data - to generate a descriptive model. It follows that the 

output of the problem, being a model, has the same type as the input. 

12



It turns out that it makes no sense to use a separate training set to generate 

a descriptive model, because we want the model to describe our actual data, not 

some test data. In other words, in descriptive learning, the task and the problem 

of learning coincide. 

This complicates things: for example, the existence of some "unquestionable 

truth" or "gold standard" is unlikely. on which the model could be tested, and 

hence the evaluation of descriptive learning algorithms turns out to be much more 

difficult than in the case of predictive models. On the other hand, it can be said 

that descriptive learning brings out really new knowledge, so it is often at the 

intersection of machine learning and data mining. 

The difference between predictive and descriptive models is evident in cluster- 

ing problems. One possible interpretation of clustering is to train a new tagging 

function on untagged data. 

Hence, we could define the “clusterizer" in the same way as the classifier, 

namely as the map f :X 7 Y, where Y = Y},..., ¥, - lot new label. This inter- 

pretation is consistent with the prognostic view of clustering, since the scope of 

the displays space objects, and therefore it is generalized to non-presented model 

objects. A descriptive clustering model trained on data is a mapping f : X > Y 

with the definition area D rather than X. In any case, labels have no intrinsic 

meaning except that they Express belonging to the same cluster. Therefore, an 

alternative method of determining clusterization - equivalence relation or that the 

same most, partition with X or D. 

The difference between predictive and descriptive clustering i is subtle and not 

always clearly identified in the literature. Some well-known clustering algorithms, 

including the mean method , build a predictive model. That is, based on training 

data they generate a clustering model that can then be used to classify new 

data into clusters. This i is consistent with the difference we introduced between 

the problem (clustering of arbitrary data) and the learning problem (building a 

clustering model on training data). However, this difference does not apply to 

descriptive clustering methods: here, the clustering model built from data D can 

only be used for clustering D. essentially, the goal is to train the appropriate 

clustering model for thé available data. 

Without additional information, any clustering is neither better nor worse 

any other. Good clustering is distinguished from bad by the fact that the data is 

13



divided into compact groups or clusters. By "compactness" here we mean that on 

average two objects from one cluster have more in common (more similar) than 

two objects from different clusters. 

Thus, it is assumed that there is some way to assess the similarity, or that it 

is usually more convenient, the divergence of an arbitrary pair of objects, that is, 

the distance between them. 

If all our features are numeric, i.e. , the most obvious distance is the Euclidean 

metric, but other options are possible, some of which are generalized to non- 

numeric features. Most of the methods metric clustering depends on the concept 

of the "center of mass", or centroid of an arbitrary set of objects - the point 

at which a certain distance-dependent value is drawn to a minimum, calculated 

for all objects of the set. This value is called spread of the set. Thus, it is a 

good clustering, in which the amount of dispersion for all the clusters it is called 

vitriolic ally spread - much less scatter only dataset. 

The analysis ‘allows to determine the problem of clustering as finding such a 

partition D = D, U...U Dx , which minimizes the intracluster spread. However, 

there are several disadvantages to this definition: 

1. so, the problem has a trivial solution: put K = |D|, so that each "cluster" 

contains only one object from D, then its the spread will be zero; 
\ 

2. if you fix the number of clusters To in advance, the problem cannot be 

solved efficiently for large data sets (it is NR-difficult). 

The first’ problem is an analogue of retraining in the clustering problem. It 

can be solved by penalizing for large K. However, in most practical approaches it 

is assumed that it is possible to put forward a reasonable hypothesis about the 

value of K. The second problem remains: the computational impossibility to find 

a globally optimal solution to the problem for a large data set. 

This situation is common in computer science and is resolved in one of two 

ways: 

1. apply a heuristic approach that finds a "good enough" solution, even if not 

the best possible; 

2. relax the task conditions, in this case allow "soft" clustering when the object 

can be incomplete" member of multiple clusters. 

: i. woof, - 7 14 ,



An interesting question: how to evaluate clustering models? In the absence of 

labeled data, we cannot: use the test set as we would in classification or regression 

problems. As a measure of clustering quality you can take intra-cluster variation. 

For predictive clustering you can calculate the intracluster spread on the reserved 

data, which were not used to build clusters. Other evaluation method the quality 

of the clustering is shown if we know something about the objects that should or, 

conversely, should not fall into the same cluster. 

A subgroup is essentially a binary classifier, so one of the ways to develop 

a system to identify sub-groups is to adapt some existing learning algorithm of 

a classifier. You may only need to select a search heuristics so that it reflect 

the specific objective of the subgroups (to identify the subset of data with a 

significantly different distribution of classes). 

How to distinguish interesting from uninteresting to the group? To do this, 

you can build a contingency table similar to those used in the binary classification. 

As we will see below, this boils down to the use of a variety of average com- 

pleteness as an indicator of evaluation. Another idea is to consider subgroup as a 

partition of the decision tree and borrow the partition criterion from the learning 

of the decision trees. You can also use the x2 criterion for estimating how much 

each g; differs from the magnitude that would be expected from the marginals 

C and |G|. These indicators have a common feature: they prefer that the dis- 

tribution by class in the subgroup and its complement differ from the General 

distribution in D, and in addition, they prefer large subgroups to small ones. 

Most of these metrics are symmetric i in the sense that they evaluate the subgroup 

and the CE complement equally, which implies that they also prefer large com- 

plements to small ones. In other words, subgroups whose size is approximately 

equal to the juvin size of the entire set (ceteris paribus). 

Now I will give an example of teaching descriptive models without a teacher. 

Assoniacii - these are things that tend to occur together. For example, when 

analyzing a shopping cart, we are interested in what products are often bought 

together. An example of an associative rule is "if beer, then chips"; this means 

that people who buy beer often buy potato chips as well. Detection of Association 

rules starts with finding the characteristic values that are often found together. 

There is a stiperficial resemblance to the identification of subgroups, but these 

subjects of the so-called frequent sets are detected without any intervention of 
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the teacher, without the need for marked-up training data. Further, the rules 

describing the joint occurrence of feature values are derived from the subject sets. 

These associative rules have the form if - then and, therefore, similar to the rules 

of classification, with the difference that the part is not limited to a variable of a 

particular class, and can contain any sign (and even several features). Instead of 

adapting an existing learning algorithm, we need a new algorithm that first finds 

frequent subject sets and then converts them into associative rules. In this process, 

various statistical criteria must be taken into account to avoid the generation of 

trivial rules. 

Having discussed the various tasks in the previous Chapter, we now have 

sufficient training to begin considering machine learning models and algorithms. 

This and the next two chapters are devoted to logical models, the trademark 

of which are logical expressions for dividing the space of objects into segments 

and, consequently, the construction of grouping models. The goal is to find a 

partition where the data in each segment is the most homogeneous - in terms of 

the problem to be solved. For example, in the case of classification, we are looking 

for a partition in each segment of which the object belongs mainly to one class, 

and in the problem a good regression is a partition for which the target variable 

is a simple function of a small number of independent variables. There are two 

large classes of logical models: tree-based and rule-based. A rule-based model 

consists of a set of implications, that is, rules of the form “if — then”, in which part 

“if” defines a segment and part “then” defines the behavior of the model in that 

segment. A tree model is a special type of rule-based model where the “if” parts 

of all rules were organized as a tree. 

In this Chapter, we consider methods of learning logical expressions, or Kozlov 

examples. These methods underlie both tree models and rule-based models. In 

conceptual learning, you only need to write a description of the positive class, 

and all that does not meet this description, mark as belonging to the negative 

class. We will pay special attention to ordering by degree of generality, as it plays 

an important role in the role of logical models. In the next two chapters, we 

will look at tree-like models and rule-based models that go far beyond conceptual 

learning because they can work with multiple classes, evaluate probabilities, solve 

regression and clustering problems. — 

Although this example was quite simple, the space of possible concepts - usu- 
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ally it is called the space of hypotheses - already quite large. Assume that there 

are three different lengths: 3, 4, and 5 meters, and the other three features have 

two values. Then all will be 3-2-2-2 = 24 possible objects. How many conjunctive 

concepts exist in which these features occur? 

To answer this question, we will treat the absence of a trait as an additional 

value. Then it turns out 4-3-3-3 = 108 different concepts. And although, at first 

glance, it is a lot, you need to understand that the number of possible extensions 

- sets of objects - is much more: 224 more than 16 million! 

So, if we take a random set of objects, the chances of us not being able to 

find a conjunctive concept that accurately describes these instances are greater 

than 100,000 to 1. This is actually a good thing, because it forces the researcher 

to generalize, going beyond the training data, and cover objects that he had not 

seen before. For Table 2.3 shows this space using order by community. 
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Figure 2.3: Negative and Positive graph 

We can establish a tiseful connection between the spaces of logical hypotheses 

and the coverage graphs. Suppose we go up a path in the space of hypotheses 

leading from a positive example through a series of generalizations to an empty 

concept. The last one covers all positive and negative examples and therefore 

occupies the upper right point (Neg, Pos) on the coverage graph. 

The starting point, being a single positive example, occupies the point (0,1) 
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on the coverage graph. In practice, it is customary to fill the space of hypotheses 

with the lower element, which does not cover any example and therefore is less 

common than any other concept. If we take this point as the beginning of the 

path, it turns out that we start the journey from the lower left corner (0,0) on 

the coverage chart. 

We have seen several languages of conjectures for conceptual learning, includ- 

ing conjunctions of literals (possibly with internal disjunction), conjunctions of 

horn disjuncts, and disjuncts in first order logic. 

It is intuitively obvious that these languages differ in terms of expressiveness: 

for example, the conjunction of literals is simultaneously the conjunction of horn’s 

conjuncts with the empty "if" part, so horn’s theories are strictly more expressive 

than conjunctive concepts. But a more expressive language of concepts has a 

drawback: it is harder to teach. The section of the theory of computational 

learning in which this question is studied is called educability. 

First, we will need a model of learning: a clear formulation of, what we mean 

when we say that we teach the language of concepts. One of the most common 

models of learning is the model of almost specific (probably approximately cor- 

rect - RACES) learning. RAS-learning means that there is a learning algorithm 

that gives almost the right result in most cases. The model introduces an error 

correction in the case of atypical examples, hence the expression "approximately 

correct". The model also 1 recognizes the possibility that sometimes it gives com- 

pletely incorrect results, for example, if the training data contains a lot of atypical 

examples, hence the expression "probably". 
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2.1 Regression tree model’s type 

Tree models are among the most popular in the machine training. For example, 

the algorithm is based on the recognition of poses in the sensor Kinect motion 

gaming consoles Hoh lies the crucial tree (actually an ensemble of decision trees 

called a random forest). The trees are expressive and easy to understanding of the 

mechanism of interest, which they call the experts in computer science, associated 

with the recursive nature, allowing algorithms divide and conquer. 

We see that the path in the space of hypotheses can be transformed into an 

equivalent feature tree. To get a tree equivalent to the i-th concept, counting from 

the bottom point of the path, we can either trim the tree by combining the i-left 

most leaves into one leaf representing the concept, or mark the i-leftmost leaves as 

positive and the rest as negative, turning the feature tree into the decision tree[7]. 

[1+, 0+] | &x)= 08 Gx)=@ | 
(14, 0-) 

, Figure 2.4: Decision Tree without Branching | 

In the decisive trees do not use the internal disjunction for sign, having more 

than two values, instead for each value is produced branching. Marks that do not 

necessarily follow the order of leaf traversal from left to right are also allowed. 

This tree is shown in Figure 2.4 on the right. This tree you can convert to a 
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Boolean expression in many ways. 

There are many other logical expressions equivalent to the concept defined 

by the decision tree. Is it possible to obtain an equivalent conjunctive concept? 

Interestingly, the answer to this question is negative: some trees represent con- 

junctive concepts, but most do not, and the one shown is one of them. Decisive 

trees build more expressive than conflictive concepi. In fact, from the fact that 

the decision trees correspond to DNF expressions, and that each logical expres- 

sion can be written as equivalent to DNF, it follows that the decision trees are 

as expressive as possible: they cannot separate only data with conflicting labels 

when the same object is labeled with different labels. This explains why data that — 

is not conjunctively separable, as in our example, is nevertheless separated by a 

decision tree. 

There is a potential problem with the use of such an expressive language of 

hypotheses. Let L be the disjunction of all positive examples, then L is represented 

as the disjunctive normal form. Obviously, L covers all positive examples - in 

fact, the extension of L is exactly a set of positive examples. In other words, in 

the space of hypotheses consisting of DNF expressions (or decision trees), L is 

the smallest generalization of positive examples, but it does not cover any other 

objects. Hence, L is not generalized beyond the set of positive examples, but 

just remembers them - that’s confused here about retraining! If you reverse this 

reasoning, it turns out that Odia of the ways to avoid retraining and promote 

learning is to IOM to consciously choose restrictive language of hypotheses, such 

as conjunctive concepts: language even surgery LGG usually generalizes beyond 

the positive examples. And if our language is expressive enough to represent an 

arbitrary set of positive examples, then we have to make sure that the learning 

algorithm uses some other mechanisms that guarantee generalization beyond the 

examples and the lack of retraining - this is called inductive.,t S. lemjellue.m 

algorithm. As we will see below, learning algorithms that work in the expressive 

spaces of hypotheses have an inductive bias towards less complex hypotheses: 

either implicitly, - by the way of searching in the space of hypotheses, or explicitly 

- by penalizing the complexity in the objective function. 

Tree models are not limited to classification, but can be used to solve almost 

all machine learning problems, including ranking and probability estimation, re- 

gression and clustering. The tree structure common to all these models can be 
Foote, { 

' 
. 
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defined as follows. 

These functions depend on the problem to be solved. For example, for clas- 

sification problems, the set of objects is homogeneous if most of them belong to 

one class, and the most appropriate label is the majority class. For clustering 

problems a set of objects is homogeneous if they are near, and the most suitable 

label will be some standard, for example, the average 

The first option corresponds to the marking based on the majority class, and 

it is recommended in most textbooks when considering decision trees. And I also 

recommended it, when discussing the label(D) function in the context of algorithm. 

In many cases, this i is the most practical approach. 

However, it is important to understand what assumptions underlie this label- 

ing: it is required that the distribution of classes in the training set be repre- 

sentative and the costs are uniform, or, more generally, that the product of the 

expected costs ‘and class relationships be equal to the class ratio observed in the 

training set. (Hence a useful way of manipulating and training set to reflect the 

expected class relationship: to simulate the expected relationship of classes C, we 

should include positive examples i in C times more than negative if C > 1, and 

include negative examples are 1/s times more than positive if with < 1. Following 

we will come back to this advice.) 

So, suppose that the distribution by class is representative and that false- 

negative prediction (for example, undiagnosed in a patient disease) costs approx- 

imately 20 times more expensive than false positive. As we have just seen the 

optimal under such working conditions is the + - ++ markup, which means to 

filter out negative examples only the second sheet is used. In other words, the 

two right sheets can be merge into one - their common parent node. The merge 

operation of all the leat of the subtree is called the reduction of the subtree. This 

process is illustrated in Fig. 5.6. The advantage of reduction is that it allows 

simplify the tree without affecting the selected work point — sometimes this is 

useful if we want to pass the tree model to someone else. The disadvantage is 

that we lose as a ranking, as seen in Table 2.5 below. Therefore, reduction is 

not recommended if (i) you intend to use the tree not only for classification but 

also for ranking and grading probabilities, and (ii) if you are unable to determine 

the expected operating conditions with sufficient accuracy. One of the popular 

algorithms of reduction of solving trees is called reduction. The algorithm uses a 

. we 
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separate reducing set of labeled data, which was not presented during training, 

since the reduction never has been improved accuracy on training data. However, 

if the simplicity of the tree is not an important argument, I recommend not to 

reduce it and choose a working one the point is only by marking the leaves; this 

can also be done using a reserved dataset[5). 
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Figure 2.5: Sign conditions 

I just mentioned in passing that one way to ensure that the training set reflects 

the correct working conditions, is to duplicate positive or negative examples so 

that the ratio of classes in the training set is equal to the product of the expected 

costs on class relationships when you deploy the model. In fact, it changes the 

ratio of the sides of the rectangle representing the coverage space. 

The advantage of this method is its direct applicability to any model, without 

the need to conjure with search heuristics or evaluation measures. The disadvan- 

tage - to increase the training time; and, in addition, it can not affect the trained 

model. I'll illustrate with an example. 

It is important to note that the latter relation will not change if we multiply all 

numbers related to the number of positive examples per one and the same number 

C. This means that the root of the Gini index is intended for minimization of 

relative impurity, and therefore insensitive to changes in the distribution of classes. 

In contrast, the relative frequency in the case of an index The Gini includes the 

fraction nl/n, which changes if you increase the number of positive examples. 

Poor ay,



Something similar happens with entropy. As a result, these two splitting criteria 

give preference ‘to descendants, covering more examples’. 

Even better to clarify the situation will help the picture. Separation criteria so 

same as loyalty and average completeness, are contours in the spaces of the coating 

and RHP. Because of the nonlinear nature, these contours are curvilinear. They 

also pass on both sides of the diagonal, as we can swap left and right child, without 

changing the quality of separation. The landscape of impurity can be imagined as 

a mountain viewed from a height - the top is a ridge along the ascending diagonal 

representing the separation, when whose descendants have the same impurity as 

the parent. This mountain is falling on both sides of the ridge and reached the 

level of the earth at the top of the RHP and at the opposite point (which could 

be called the “depression of the RHP”), since it is here that the impurity is zero. 

Contour contours mountains - passing through all the points with equal height. 

Look at the. Figure 2. 5 above. The two split options that you had to choose 

between example (before adding positive examples) are shown by points on the 

graph. I did a six contour lines in the left top corner of the chart: two split 

options multiplied by three criteria divisions. Any criterion prefers a separation 

whose contour passes above (as close as possible to the top of the RCP): as you 

can see, only one of the three (the root of the form index Jinn) prefers right the 

upper division. Upon rice Figure 2.6 and Figure 2.7 below shows how the picture 

changes after increasing the number of positive examples 10 times (the coverage 

graph would not fit on the page, so I pictured how it looks in the space of the 

RCP, and the grid lines shows you how to change the distribution of classes). Now 

all three criteria divisions prefer the top right option because ‘ ‘mountains’ entropy 

index Gini turned clockwise (index Gini in a greater degree than the entropy), 

whereas the root of the index of the Gini did not move from place. 

“Aqui boas a 

The moral of the story is that when you are learning a decision tree or the 

probability tree you use entropy or index the Gini as a measure of impurity - 

which is what is done in almost all tree training packages - then be prepared for 

the fact that the model will change if you will change the distribution of classes 

by adding extra examples. 

At the same time, if we take the square root of the Gini index as a measure, 
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we will get the same tree each time. 

Let’s summarize the previous discussion of tree models. “As you say would 

we train the decision tree on an existing data set?” - you asked. Here is a list of 

steps I would take. 

1. First of all, I would put the main goal to achieve good ranking behavior, 

because having a good ranking officer, I can get a good classification and a 

good evaluation of probabilities, but the opposite may not be true. 

2. So I would try to use a measure of impurity that is not sensitive to distri- 

bution, such as the square root of the Gini index; if it is not offered, and I 

could not.get into the program code, | would have resorted to the addition 

of minority class examples to balance the class distribution. 

3. [have disabled reduction ratio and the smoothed estimate of the probability 

of using amendment Laplace (or t-score). 

4. If I knew the operating conditions at the deployment site, I would use them 

to select the best operating point on the CCP curve (that is threshold value 

for probability prediction or tree layout). 

5. (Optional) Finally, I would redyce subtrees whose leaves all have the same 

label. | 

Although the discussion focused mainly on the problems of binary classifica- 

tion, it should be noted that the decision trees without any effort to cope with a 

large number of classes - as, indeed, any grouping model. We have already noted 

that to calculate a multi-class measures of impurity you just need to sum the 

values of impurity for each class according to the scheme “one against the others”. 

In regression problems, the target variable is continuous, not binary, in this 

case, the variance ¢ of the set of target values is defined as the root mean square 

distance to the middle: 

Most of the pitfalls characteristic of regression trees apply to clustering trees: 

the smaller clusters, the discrepancy is usually small, so they are vulnerable to 

overfitting. Recommends reserve reduction set to remove lower divisions if they 

do not improve'the connectivity of clusters of the reducing set. Single examples 

can dominate: in the example above, deleting the first trade reduces the pairwise 
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divergence from 2.94 to 1.5, and therefore it will be difficult to find something 

better than the split that puts this trade in a separate cluster. | 

An interesting question arises: how to mark the leaves of a clustering wood? 

Intuitively, it séems reasonable to mark the cluster as the most representative 

object for it. The most representative object can be define as such, for which 

the total difference with all the others, such an object is called a medoid. For 

example, in cluster A 100, the most representative transaction is 6, because it the 

difference with trades 3.and 8 is 1, while the difference between trades 3 and 8 is 

2. 

Similarly, in cluster T202 the most representative transaction 7. However, it 

is not necessary that the most representative object only. 

A typical situation in which it is possible to simplify the calculations required 

for finding the best split and get the unique label of the cluster occurs when a 

divergence is defined as the Euclidean distance, calculated by numeric signs. Note 

Figure 2.8 shows that if Dis(x, x) is the square of the Euclidean distance, then 

Dis(D) is the doubled root mean square the Euclidean distance to the average. 

This allows to ‘simplify ‘ calculations, because as the average and the root mean 

square distance to the middle possible to calculate O(IDI) steps (for one pass 

through the data), not O(ID12) steps, necessary if we have nothing but a matrix 

of divergences. On themselves in fact, the standard Euclidean distance is simply 

the sum of the variances individual signs. 

(16, 14, 9.7) yf y | | 5.2) | [8.9,0,49) 

ood Sk ; ‘ 

| Figure 2.8: Model’s classification 

Experimental results demonstrating more accurate estimates of the probabili- 

ties are obtained if we abandon the reduction of the tree and smooth the empirical 

probabilities using the correction Laplace, given in a recent paper and confirmed. 

The degree of insensitivity of splitting criteria of the decision tree to the imbal- 
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ance of the classes or value of the incorrect the classifications were studied and 

explained in the works of [2], [1] and [8]. Of the three above-mentioned criteria 

for separation only the root of the Gini index is insensitive to such an imbalance 

classes and costs. . | 

It should be remembered that the high expressiveness of tree models, according 

to comparing, for example, with conjunctive concepts means that you need to be 

insured against retraining. In addition, the greedy algorithm type “divide and 

rule”. 
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3. Correlation analysis 

Values can be either independent or related by functional or stochastic (proba- 

bilistic) dependence. Functional dependence of quantities is realized when each 

value of one quantity (argument) corresponds to a certain the value of another 

value. An example of a functional dependence is the length of a circle 1 = 2nr 

depending on its radius r. Obviously, there is no such correspondence for random 

variables, therefore, strict functional dependences occur only when the values are 

not subject to the action of random factors. 

In most cases, there are dependencies between variables, in which each value 

of one quantity (argument) corresponds not to a certain value of another quan- 

tity, but to a set its possible values are a certain distribution. Such dependence 

it’s called stochastic, or probabilistic. For example, with the same area of land 

with equal amounts of fertilizers remaved different crops. Random values — the 

amount of fertilizer applied and the harvest — are related to each other stochastic 

dependence: the second variable i is influenced by a number of factors in addition 

to the number of introduced fertilizers (precipitation, air temperature, etc.). In 

addition, measurement of the values of both variables is inevitably accompanied 

by. 

A special - cane of probabilistic, dependence is the correlation dependence — 

stochastic dependence between random variables. Values at which there is a 

functional relationship between the values of one quantity and the average values 

of another quantity. | 

Let’s return to the above example. The relationship between the amount of 

fertilizers and the harvest is correlated, because experience shows that the average 

yield and the amount of fertilizers introduced into the soil are related to each 

other by functional dependence. The term "correlation" (from lat. correlatio 

— relationship, connection, dependence) appeared in the XIX century through 
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the work of the English mathematician Karl Pearson (1857-1936) and English 

anthropologist and psychologist Francis Galton (Galton) (1882-1911). 

The points depicted on the coordinate plane (x;,y;), where z; and y; are the 

values of the first and second variables are called the correlation field. The ana- 

lytical function approximating (approximately describing) the observed empirical 

values is called the regression function. Function name (from lat. regressio — move- 

ment ago) gave F. Galton, who, studying the relationship between the growth of 

parents and their children discovered the phenomenon regressions to the mean: in 

children born to very high parents, the growth tended to be closer to the average 

value. _ | 

The regression function reflects the trend of change of one quantity under 

the influence of another and is constructed thus, to the empirical point correla- 

tion fields lay as close to her as possible. The regression function can be linear, 

parabolic, hyperbolic, logarithmic, etc. 

The presence of correlation between variables do not always mean that these 

quantities are directly related to each other: the observed relationship often exists 

due to other variables (not the two in question), and the study of values can be 

linked by itself through. latent (hidden from the researcher) variables. 

An example of such an artifact ("artificial" result) is the relationship between 

the level of intelligence and the level of human income discovered by American 

psychologists. The latent variable that determines this correlation is the structure 

of society: the research conducted in modern Russia gives different results. An- 

other example is the correlation of the speed of recognition of the image as it the 

copies (fast pulsing) presentation and human vocabulary (latent variable — the 

General intelligence of the subject). As can be seen, the relationship of variables 

in psychology is too complicated, so they can be explained by a single reason. 

The correlation, in‘contrast to the functional, shows only the tendency of 

one quantity to change under the influence of another, therefore, on the basis of 

correlation can be argued only about the degree of connection between variables, 

but not about the existence of a causal relationship between them. In other words, 

the fact that variables are correlated does not mean that one causes the other, 

however, it makes it possible to put forward such a hypothesis. For example, 

between the child’s academic performance in primary school and the age at which 

he or she learned to read, there is a correlation. However, this the fact does not 

ook BG er a : : : 
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follow causal dependence: you can find a child who has learned to read long before 

entering the University. school and Vice versa. 

Consider, is a correlation between students’ anxiety level and their software 

testing results the end of the course "Mathematical methods in psychology". This 

fact on the one hand, it can be explained by the fact that the excitement experi- 

enced by some students could lead to the fact that they did worse with the test 

task, and more calm students were able to successfully demonstrate their abilities. 

But isn’t it just as plausible to think that the test itself is a worrying factor? Less 

than capable (usually lazier) students are intimidated by testing, and capable 

and responsible. not find in it nothing alarming, except another test of knowledge. 

Causation is not possible interpret without experimental verification. 

Sometimes in psychological studies, a random correlation is established that is 

not due to any cause. An example of this correlations is the relationship between 

anxiety and English performance in middle school students. Does this indicate 

that increased anxiety makes the student work harder? Not at all. When tested 

on the Taylor anxiety scale, girls show higher rates than boys. It is also known 

that girls in the middle classes tend to have higher grades in English compared 

to boys. To establish such the relationship separately for boys and girls have not 

yet managed to,anyone; 
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Figure 3.1: Regression 

A well-known example of nonlinear correlation is the first law Yerkes~Dodson/4}: 

as you increase the intensity of motivation quality the activity varies along a bell- 

shaped curve: first it rises and then gradually decreases (Another example of a 

nonlinear communication is Hick’s law: the speed of information processing is 
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proportional to the logarithm of the number of alternatives. Conclusion about 

the form of pair.correlation can be made, by drawing the correlation field on the 

coordinate plane. 

Pair linear correlation, in turn, can be positive ("direct") and negative ("re- 

verse"). With a positive correlations with the increase of one trait increases on 

average the other, in the case of a negative correlation with the increase of one 

sign of the other in average is declining. Examples: the level of personal anxiety 

positively correlates with the risk of stomach ulcer, the number of children in the 

family is negative correlates with the indicator of their intelligence, the increase 

in sound volume accompanied by a feeling of increasing its tone, and the number 

of daily cigarettes smoked is negatively correlated with duration lives. As can be 

seen from Figure 3.2, Figure 3.3, Figure 3.4, Figure 3.5, in the case of pair linear 

correlation the correlation field is an ellipse. The closer correlation, the more 

compressed the ellipse; in the case of functional it is transformed into a straight 

line, and in the: absence of a link — into a, circle. | 

The possibility of indirect estimation of some characteristics over other due 

to the fact that they are dependent on a number of common factors. If the 

same factor F affects both variables, then between they are always correlated in 

empirical research. 

In this case, "the observed spread ofvariables X and Y is due not only to action 

of the General factor F, but also other reasons, irrelevant in relation to it. As a 

result, each value of the variable X corresponds to the distribution of the variable 

To its undefined value: 

ce ihh 0.  Bigure 3.2: RI. 
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Figure 3.5: R4 

In other words, changing the variable Y when changing X can it should be 

presented as two components (relevant to the General factor F and irrelevant to 

it), and the variance of the measured value consists of the " factor" and "residual" 

components: 

2 42 2 o° =d07+0pR 

The factor component of variance is related to the dependence of the consid- 

ered values and is determined by the effect of the General factor on both variables. 
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If the factor component of the variance is zero, the quantities studied are inde- 

pendent. 

The residual component of the dispersion causes the action of many other 

factors that do not affect both variables at the same time (individual differences 

of subjects, measurement errors, etc.). The residual variance causes the values of 

y; to be randomly scattered at a fixed value of x;, so it is also called "random". 

At zero random variance there is a functional relationship between the values 

(each value of one value corresponds to a single value of another). Thus, the ratio 

between the factor and random components of dispersion can serve as a quanti- 

tative measure of tightness (force) correlation between the values: the greater the 

proportion of the factor the components in the total variance, the relationship 

between the quantities closer to functional. The ratio of factor dispersion to the 

total is called the coefficient of determination: 

The coefficient of determination is a dimensionless non-negative value varying 

from 0 to 1 (it is often expressed as a percentage). It shows the proportion of the 

total variation of one variable due to the variability of another variable. The value 

of the coefficient of determination does not change with increasing or decrease by 

the same number or the same numberof times of all variable value. 

34



3.1 Kendall’s correlation coefficient 

Kendall’s correlation coefficient has the same properties as the Spearman coef- 

ficient(varies from -1 to +1, for independent random variables is zero), but it 

is considered more informative. The first step in the calculation of the "Tau" 

Kendall is variable series ranking (the same series values are assigned the average 

rank number). The first variable must be ordered in ascending order of rank. 

Kendall’s correlation coefficient is determined by the formula 

T= sua —1 

Here n is the sample size (number of matched pairs); Ri is the number ranks 

in the second variation series greater than the given rank number and below 

it. Testing the hypothesis of the significance of the Kendall rank correlation 

coefficient is to compare the calculated value of the Tau coefficient modulo with 

the critical values: 

Ln a he bos 

| . Ta(n )= 2(1—-a) Wee) 

Kendall’s concordance coefficient is used when the set of objects is charac- 

terized by several sequences of ranks, and the researcher needs to establish a 

statistical relationship between these sequences. Such tasks arise, for example, in 

the analysis of expert assessments: several experts rank one and the same subjects 

for a certain quality, and a psychologist to conduct an in-depth analysis of the 

situation and make an informed decision the degree of consistency of the views 

of the expert group needs to be determined. Kendall’s concordance coefficient is 

determined by the formula 

W = a D? 
—n 

Values of the concordance coefficient, as opposed to the coefficient correlations 

are enclosed in the interval 0 <W <1. The coefficient of concordance it is equal 

to one if all rank sequences coincide. If the opinions of experts (ranking order) 

fully opposite, the concordance coefficient is zero (coefficient correlation in this 

case will be -1). 
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3.2 Spearman’s rank correlation coefficient 

Each of the two sets is located in the form of variation series with assignment to 

each member of a series of the corresponding ordinal number (rank) expressed as 

9 natural number. The same series values are assigned the average rank number. 

The compared features can be ranked in any direction: in the direction of dete- 

rioration (rank 1 receives the biggest, fastest, smartest, etc. of the subject), and 

Vice versa. The main thing is that both variables are arranged in the same way. 

Spearman rank ‘correlation coefficient is based on the formula 

If in the variation series for X and Y there are members of the series with the 

same rank numbers, the formula for the Spearman’s correlation coefficient must 

be amended 7; and T, on the same rank: 

_ 6rd _ 
rs=1~ Boatman T= Lilt — be) | 

Here | is the number of groups in the variational series with the same rank 

numbers; tk is the number of members in each of the | groups. Spearman’s rank 

correlation coefficient, as well as linear, varies from -1 to +1, but the value of 

Spearman’s rank correlation coefficient is always less than the value of Pearson’s 

linear correlation coefficient: r, < r. Testing the hypothesis of the importance 

of Spearman’s rank correlation coefficient is carried out differently depending on 

the sample size. 

The value of the correlation coefficient r, = 0,206 falls into the range of 

acceptable values, which does not allow to reject the null hypothesis. The corre- 

lation coefficient is not it differs from zero, indicating that there is no relationship 

between the expression qualities of the test subject at the moment and the ideal 

representation. 
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4. Modelling with tree based 

ensemble models 

The assumption that the regression model is linear in parameters is convenient 

for the construction of numerical methods, but does not always agree well with 

knowledge about the subject area. This paragraph discusses cases where the 

model regression nonlinear in the parameters, when the linear model adds a non- 

linear transformation of the initial indication or target symptom, and when a 

non-quadratic loss function is introduced. The general idea in all these cases is 

the same: the nonlinear problem is reduced to the solution sequences of simpler 

linear problems! pi | 

In practice, there are situations when the linear regression model seems un- 

reasonable, but to offer an adequate nonlinear model. 
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4.1 Random forest 

The first says that everything that has some part of the body is a fish. Second 

specializes this rule, saying that there should be a pair of uncorrected parts of 

the body. The third specializes even more, saying that the fish is anything with 

a couple of gills. A reasonable search strategy is to test hypotheses in this order 

and move to the particular only when the more General is excluded by negative 

examples. This is how IP systems work, working from top to bottom. By using a 

simple technique - the explicit representation of substitutions of terms instead of 

variables by adding literals equal to the sequence of sentences shown above can 

be rewritten as: 

fish(X) :-bodyPart (X,Y). 
fish (X) :-bodyPart (X,Y) ,Y=pairO£ (2). 

fish (X) :-bodyPart (X,Y), Y=paixOf£(2),2=gill. 

Figure 4.1: Pseudocode 
‘da vty 

As an alternative to iterating over literals considered as candidates for inclu- 

sion in the body of a sentence, we can derive them from the data by acting from 

the bottom up. 

By forming the smallest generalization(3] of each of the literals in the first 

literal example from the second example, we obtain all the generalized literals 

discussed above. 

In this brief discussion of learning rules in first order logic, we left behind many 

important details, and'therefore look at the problem turned out to be overly 

simplistic. Although the task of learning the prologue sentences it is possible 

to formulate very briefly, naive approaches to its decision are computationally 

unrealizable, and the devil is covered in details. Basic described above approaches 

can be supplemented by including background knowledge that affects the ordering 

of the hypothesis space:by generality. . 

However, this cannot be determined by purely syntactic means, and logical 

inference is required. Another intriguing possibility offered by first-order logic is 

learning recursive sentences. 
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This blurs the distinction between background predicates that can be use in 

the body of the hypothesis, and target predicates that are required teach. In 

addition, there are computational problems, such as a work in progress problem. 

But this does not mean that can not be done at all. There are the methods of 

simultaneous training of several interrelated predicates and the generation of new 

background predicates, which have never been observed, are also adjacent to the 

subject. 
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4.2 Adaboost 

Random forests ‘resulting from the techniques described earlier can be naturally 

used to assess the importance of variables in regression and classification problems. 

The next method of such evaluation was described by Breiman|1]. 

The first step in evaluating the importance of a variable in a. training set is to 

train a random forest on that set. During the process of building a model for each 

element of the training set called out- of-bag-error (error on unselected samples). 

Then, for each entity, the error is averaged over the entire random forest|6]. 

In order to assess the importance of the j-th parameter after training, the 

values of the ith parameter are mixed for all the training set records and the out- 

of-bag error is considered again. The importance of the parameter is estimated 

by averaging the difference between the out-of-bag errors before and after mixing 

the values in all trees. The values of such errors are normalized to the standard 

deviation. 
J tye oda . 

Sample paramneters that give larger values are considered more important for 

the training set. The method has the following potential drawback — for categor- 

ical variables with a large number of values, the method tends to consider such 

variables more important. Partial mixing of values in this case may reduce the 

effect of this effect. Of the groups of correlating parameters, the importance of 

which is the same, the smaller groups are selected. 

Strengthening, or boosting (boosting), - technique of building ensembles, on 

first the view is similar to banking, but it uses more sophisticated methods to 

add variety to the training sets. The basic idea is simple and seductive. Let us 

assume that we have trained a linear classifier on a certain data set and found 

that the error rate of learning is e. We want to add one more classifier to the 

ensemble, which makes mistakes less often, than the first. This can be achieved, 

for example, by duplicating incorrectly classified objects: if our model is a base a 

linear classifier, ‘it will lead to the displacement of the average values of the classes 

in the direction of duplicate. 

In the amplification algorithm, another component is required - the confidence 

factor a for each model in the ensemble; we will use it to form ensemble prediction 

equal to the weighted average of individual models. It is clear that we would like 

that a increased with decreasing e usually it is calculated by the formula 
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the rationale for which we will give below. The basic gain algorithm is given 

in the Figure 4.1. For rice, Figure 4.2 on the left is shown as a reinforced ensemble 

of five basic linear classifiers can achieve zero learning error. It is obvious that 

the resulting decisive boundary is much more complicated than the one that can 

build one of the basic linear classifier. On the contrary, the ensemble of the five 

basic linear classifiers, built by the method of bagging, I gave five very similar 

decisive boundaries, and this is explained by the fact that the amplified samples 

were very similar|2]. 

public override void Train (LabeledDataSet<double> trainingset) 

{ 

// Wnuunannanpyem Hamm Koodoiunenty Di 

if (_weights == null) 

{ + 

_weights = new double[{trainingSet,Count] : 

. fox: (ib i= 07.2 < trainingSet.count; i++). 

_weights[i] = 1.0 / trainingSet Count; 

) 

Random. xrnd = new Random({)7 

double minimumError = double.PositiveInfinity; 

ae wis NS 
_thrdslivld » double .NaN; 

_sign = 0; 

// tun fo BCeM KOOpgmHATAaM NpocTpanctnaa 

for (int d = 0) d < trainingSet.Dimensionalitys d++) 

{ . 

// PAA ontTuMnsauMM B coytae, ecmi npoctpaucTse orpomHow pasKepHocTn 

if (rf(d- Next Double () *< _rendomize) 

continue; 

4]



tt Coprmpyen. manuttie Bore abbexrupuoro nonenka. npamoit xds. threshold 

double). data +. 7 new, double [trainingset Count]; 

int {7 ‘indices = new: dnt [treiningset. Count) 

for (int i = 0? i <. ‘trainingset; Count; itt) 

{ 

data(i] = trainingSet.Data[i] {d]; 

indices (4) = as - 

/ Bort (data, indices) + 

‘// Onpengnnen MAXCHMANbHYO ONUOKY 

double totalError. 20.0; . 

for (int 4.< 0; 4 <-trainingSet.Count; itt) 

‘totalgrror += _weights[4}: ‘ . 

ff -Heciiastvanpyes ‘anatase. cmmGkit gua noucKa MMHTMaAnbHOm olin © 

» Bounite currentBbror- in Os 0% 

fer (int £ = 0; i « trainingSet.Count; itt) 

gugrentError += trainingSet iLabels[i] <= -1 7 _weights[i] : 040; 
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for i(int i= O7- i.< trainingSet.Count - 1; i++) 

{ 

// O6uoBnAes omOxy np paccmoTpeniut Texymero ofnerrTa 

int index = indices[i]: 

if (trainingSet.Labels[index] == +1) 

currentError te weights[index]; 

else 

leuyrentError == _veights(index]: 

// Econ way? OOMHAKOBMG WaHHwe, TO Noper He Hoe 

if (data({i] -= datali + 1}) 

continue; 

7/ OnpenenAem NOTEHUMANSHO BOSMOKHOS BHANCHHE WIA threshold 

double testThreshold = (data[i}] + datafi + 1]) / 2.07 

// SenctHaem aHavenne threshold, een omOxa winmtanbHa, KW OnpenenAeM aHaK 

if (gurrentErrer < minimmError) // Knaccupuxatop ¢ sign = +1 

oe , : 

ninimumError = currentError; 

d= a 

_threshold = testThreshold; 

_sign = +1; 

I 

if. ((totalsrror ~ currentError) < minimumError) // Knaccudukatop c sign = -1 

( 

minimmError = (totalError - currentError); 

ded 

_threshold = testThreshold; \ 

_sign = -1; 

Figure 4.2: Code in python 
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Figure 4.3: MPG data observation 

Now that we have become more familiar with the frequently: used methods of 

constructing’ ensembles, let’s talk about how to explain the differences in their 

quality, and then turn to some of the.many ensemble methods described in the 

literature. 

Ensemble construction techniques are a good way to better understand the 

bias-variance dilemma, we discussed in section 3 in the context of regression. Gen- 

erally speaking, there are three reasons why a test case is misclassified by a model. 

First, it is simply inevitable if in a given feature space objects of different classes 

are described by the same features. 

In a probabilistic context, this happens when the conditional distributions of 

P(X/Y) overlap, so that some object has probabilities of belonging to several 

classes different from zero. In such a situation, the best one can hope for is an 

approximation of the target concept. | 

The second reason for classification errors is the insufficient expressiveness of 

the model to represent the target concept. For example, if the data is not linearly 

separable, even the best linear classifier will be make mistakes. This is the shift 

of the classifier, between it and expressiveness there is an inverse relationship. 
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It may seem that low-offset models are generally preferable. However, in 

the practice of machine’ learning there is a heuristic rule in models with low bias, 

usually high variance, and Vice versa. Variance is the third source of classification 

errors. The model has a high variance if its decisive boundary depends heavily 

on the training data. For example, in the case of the nearest neighbor classifier, 

the segments of.the feature space are defined by a single point in the training set, 

so if we move a point in the segment adjacent to the decision boundary, then the 

border itself will move. In tree models, the variance is high for another reason: 

if you change the training data so much that the root of the tree will change 

the selected to separate feature, then most likely the whole tree will be different. 

An example of a model with low variance is the basic linear classifier, because it 

averages all points in the class. 

Now look at the Figure 4.2. The basic ensemble of linear classifiers, built 

by the method of bagging, trained piecewise linear a crucial boundary, which 

expression is superior to any single linear classifier. This suggests that bagging, 

like any ensemble method, is able to reduce the displacement of the base model, 

which is initially characterized by a high displacement, such as a linear classifier. 

However if we compare this with the results of the amplification method shown 

in Figure 4.3, then we will see that the reduction of the displacement resulting 

from the bugging, much less than the result of amplification. 
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Figure 4.4: Bar expansion for price 
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Gain can be interpreted differently in terms of gaps. Intuitively, the gap is the 

signed distance to the decisive boundary, and the sign shows whether we were on 

the right side of the border. Experimentally, it was noted that the gain gives a 

good effect in terms of increase the gaps of the examples, even if they are already 

positioned correctly the side of the decisive border. The quality improvement 

on the test set as a result of the gain can continue even after the learning error 

reduced to zero. When you consider that the gain originally arose in the context 

of PAC-learning is not designed for the increase in gaps, this result may seem 

surprising. 

There are many other methods for constructing ensembles, in addition to 

bagging and gain. The main differences are related to how the predictions of the 

basic models are combined. Note that this question in itself could be to determine 

how the problem of the study: considering the predictions of some base classifiers 

as features to train a meta-model, which will combine them in the best way. For 

example, in the amplification method we could would be to train the weights Al 

and not remove them fi om the frequency error of each base model. Learning a 
yg 

linear metamodel is cal ed stacking. 
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Figure 4.5: Statistical prediction for price 

There are several variations on this theme, for example as metamodels decisive 

trees were used. It is also possible to combine different basic models into a hetero- 

geneous ensemble, and the diversity is achieved by the fact that the basic models 

are trained by different algorithms, "so you can use the same training set. For 

some basic models you can specify different parameters, for example, an ensemble 

can include multiple support vector machines with different complexity parameter 

values, which determines the extent to which clearance errors are tolerable. 

So, in General, an ensemble of models consists of a set of basic models and 

a metamodel, which is trained to decide how to combine the predictions of the 

base models: Training of the metamodel is implicitly implied assess the quality 

of each base model, for example, if the metamodel is linear, as in the case of 

stacking, a weight close to zero means that the corresponding the basic classifier 

does not make much contribution to the ensemble. You cah even assume that 

the base classifier gets a negative weight, then in context other basic models of 

its prediction should be inverted. Possible it would go even further and try to 

predict the expected quality of the base model even before its training! Having 

formulated it as a problem of training on at the meta level, we are entering the 

field of . methane. 
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In this short section 3, we have discussed some fundamental ideas of methods 

building ensembles. All of these methods have one thing in common: they build 

several basic models based on modified training data, and then apply this or that 

way of combination of predictions or the assessment of the individual base models 

for prediction of the entire ensemble. We have considered two common ensemble 

methods: Baggins and amplification. A good introduction to ensembles of models 

is available in brown’s work (2010). Standard reference for combining classifiers — 

work Kuncheva (2004), and a more up-to-date review is available in Zhou (2012). 

02 
+5.0675906 

Figure 4.6: Data descriptive statistics after prediction 

Machine learning is a discipline that is equally practical, so is computing. In 

some cases, we dan prove that the particular algorithm converges to a theoretically 

optimal model under certain assumptions, but still need real data, for example, 

to investigate the extent to which these assumptions are satisfied in the subject 

area under consideration, or whether the convergence rate is high enough for the 

algorithm to, have practical value. Therefore, we.run specific models or learning 

algorithms on one or more data sets, perform measurements, and use the results 

to answer our questions. All these activities are called experiments in machine 

learning. 

In the natural Sciences, the experiment can be considered as addressed the 

nature of the issue of a scientific theory. For example, in Arthur Eddington’s 

famous experiment, set in 1919 to test Hinstein’s General theory of relativity, 

the question was asked: are the rays deflected light in the gravitational fields of 

massive cosmic bodies, such as the sun? ‘To answer this question, the observed 

position of the stars was recorded under various conditions, including a total solar 

Eclipse. Eddington was able to prove that the results of measurements could not 

be explained by the laws of Newtonian physics, but were consistent with the 

General theory of relativity. 

As follows from the example, taking loyalty as an indicator of quality, we 
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do an implicit assumption is that the distribution of classes in the test case is 

representative of the working context in which the model will be deployed. Be- 

sides, if we only measured fidelity in the experiments, we can’t. go to the average 

completeness later, when we understand that you need to consider changing class 

distribution.. Therefore, it is recommended to remember enough information so 

that if necessary it was possible to reconstruct the contingency table. Such a 

sufficient set of measurements can be count the frequency of true positive results, 

the frequency of true negative (or false positive) results, the distribution by class 

and the size of the test case. Machine learning is a discipline that is equally prac- 

tical, so 1s computing. In some cases, we can prove that the particular algorithm 

converges to a theoretically optimal model under certain assumptions, but still 

need real data, for example, to investigate the extent to which these assumptions 

are satisfied in the subject area under consideration, or whether the convergence 

rate is high enough for ‘the algorithm to have practical value. Therefore, we run 

specific models or learning algorithms on one or more data sets, perform measure- 

ments, and use the results to answer our questions. All these activities are called 

experiments in machine learning. 

In the natural Sciences, the experiment can be considered as addressed the 

nature of the issue of a scientific theory. For example, in Arthur Eddington’s 

famous experiment, set in 1919 to test Einstein’s General theory of relativity, 

the question was asked: are the rays deflected light in the gravitational fields of 

massive cosmic , bodies, such as the sun? To answer this question, the observed 

position of the stars was recorded under various conditions, including a total solar 

Eclipse. Eddington was able to prove that the results of measurements could not 

be explained by the laws of Newtonian physics, but were consistent with the 

General theory of relativity. 

As follows from the example, taking loyalty as an indicator of quality, we 

do an implicit assumption is that the distribution of classes in the test case is 

representative of the working context in which the model will be deployed. Be- 

sides, if we only measured fidelity in the experiments, we can’t. go to the average 

completeness later, when we understand that you need to consider changing class 

distribution. Therefore, it is recommended to remember enough information so 

that if necessary it was possible to reconstruct the contingency table. Such a 

sufficient set of measurements can be count the frequency of true positive results, 

\ : 
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the frequency of true negative (or false positive) results, the distribution by class 

and the size ‘of the test case. 
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5. Results 

In the evaluation phase, all models were redesigned to meet the data quality 

requirements and models in the data shortage. The data were balanced according 

to various criteria and methods, but did not lead to the highest evaluation result. 

coefficient(Close to 1 is better): @.7174682188508716 
Kendall rank correlation. 

, 

nt(Close to 1 is better): 0.8813390018550825 
Spearmans rank: corr coefficie 

Figure 5.1: Results of coefficients 

The coefficients of data evaluation also led to not the best results, but in 

accordance with the requirements of the models, we can say that the data can be 

extracted useful information. 
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5.1 Random forest 

Having estimates of relevant quality indicators for our models or learning algo- 

rithms, we can use them to select the best representative. We have discussed 

two key concepts: confidence intervals and significance criteria. It is necessary to 

understand them if you want to understand modern approaches to interpretation 

of results of experiments in machine learning; however, it should not be forgotten 

that modern approaches are subject to critical analysis. Note also that the meth- 

ods described here are only a small fraction of the widest range of possibilities. 

In the coefficient analysis Kendall’s assumes that large differences between 

indicators quality better, than smaller, but no other assumptions about their 

commensurate not is done. In other words, the differences are considered as 

ordinal, not real-valued values. In addition, these differences are not assumed to 

have a normal distribution and that n means, among other things, the criterion is 

too sensitive to: ,emissions. 

(pigererereraee 

y _pred2.= = = random ‘ev. best: ‘estimator. predict (X_ ‘test) 

predict(X train), y_train))) 

a 

1670888. "357660936 

3018682. 8392637796 

Figure 5.2: Mean squared error values for training and testing data 

Figure 5.1 shows the regression. results of last model for training and testing 

data and the last score is about 71% (Figure 5.3). 

paps a = (score ‘hesul iL tis fot good 

8. 7082047522846117 

Figure 5.3: Result of model 
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5.2 Adaboost 

Before model training, the criterion of Friedman says, show whether the average 

grades overall on significant differences, but further analysis at the pairwise level 

is needed comparisons. There is an analogy here with clustering in the sense that 

the second quantity measures the spread between centroids of ranks - we want it to 

be great, and the third - variation between all ranks. Friedman’s statistics is the 

ratio of the first value to the second. As for the interpretation of the experimental 

results, we considered confidence intervals and significance criteria. 

Figure 5.4 shows Mean Absolute Errors for training and testing data. Result | 

is quite better than bagging method. 

Od Bye . 

nean absolute error(y pred test best,’ y_test)). 
‘Mean absolyte_erron(y.pred_train-best,: y_train)) 

MAE: test. with GSV: 2743987.1198835857 . 

MAE train with GSV: ‘ 2829078.748196364 

Figure 5.4: Mean Absolute Error values for training and testing data 

reo: 
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And the final touch of the analysis and evaluation of the model(Figure 5.4, 

Figure 5.5, Figure 5.6) showed at a depth of 1.2 and 3 good performance. But, 

we could get a better answer at great depth. 

vo He 
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6. Conclusion 

It should be noted that.the use of significance criteria in these models of machine 

learning as experimental work is the subject of lively discussions. The importance 

of experiments in machine learning emphasized already by Pat Langley, two made 

effect works; subsequently, however, he criticized the experimental methodology 

in machine learning, became, in his opinion, insufficiently flexible. From other 

authors that are critical of the current state of affairs in this area, mark Drummond 

and Demsar. By this criterion, adaboost model with low depth shows better result 

as tree based random forest. As we have seen at previous section, we could use 

powerful computers to take highest results at some maximal depth. 
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