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Abstract

This paper describes the main methods of selection of features, as well as examples of some of
them. The results of some of the algorithms for the selection of features for the problem of
selecting factors that affect the cost of renting US real estate are shown. When solving problems
of data mining, in various application areas often have to operate with large data samples. This
leads to a significant amount of time for data processing, and also requires a significant amount
of RAM and disk memory of the PC. Therefore, the urgent task is to reduce the dimensionality
of data samples. The paper considers algorithms for reducing informative features that
determine the cost of real estate rental.
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1. Introduction

When solving problems of data mining [1], in various application areas often have to operate with
large data samples. This entails significant time for data processing, and also requires a significant
amount of RAM and disk memory of the PC. Therefore, the urgent task is to reduce the dimensionality
of data samples [1-5]. Reduction occurs in various fields of life: biology, economics, computer science,
mathematics, chemistry, linguistics, music, philosophy and others.

At the stages of machine learning and data generation, it is not always clear which features are
important for building an optimal algorithm, so the data often contains a lot of extra (noise) information.
The appearance of such features degrades the quality of the algorithm and increases the time. Therefore,
in most cases, before solving the problem of classification, regression or forecasting, it is necessary to
choose those features that are most informative. Choosing the right features can be more important than
reducing data processing time or improving classification accuracy. For example, in medicine, finding
the minimum set of features that is optimal for a classification task may be useful for developing a
diagnostic test [3, 19].

Selection of important features (for example, selection of genes corresponding to a particular type
of cancer) can help decipher the mechanisms underlying the problem of interest.

Each mathematical model is based on certain features [5, 20].

A feature is a peculiarity of an object or phenomenon that determines the similarity of its carrier to
other objects of knowledge or difference from them, a property. The set of features (which can be
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reduced to one feature) allows to distinguish the subject (phenomenon) from other objects (phenomena)
[3, 4].

For the synthesis of models that determine the input data of neural networks, an input training sample
is used, which consists of a large set of features that characterize the object under study. Large data sets,
as a rule, contain redundant and uninformative features that complicate not only the process of model
synthesis, but also lead to its redundancy, which increases the time for classification according to such
a model [2]. Thus, in solving the problems of pattern recognition, an important step is the process of
reducing the input set of features. The difficulty of solving the problem of choosing the most significant
combination of features lies in its combinatorial nature. The use of a complete search of all possible
combinations with a large number of features leads to high resource costs. Therefore, this approach is
not used in practice, and you use its optimization, which will be discussed in the following sections.

2. Materials and methods

The method of selection can be implemented by a complete search of features, thus checking all
possible sets, select those features on which the error is minimal [6, 18].

In order to understand how this method works, we will describe its iterations in more detail.

Step 1. Generate all possible sets of features.

Step 2. Evaluate all the combinations obtained in the previous step, calculating for each of them the

value of the criterion for evaluating a set of features: J(X,).

Step 3 Step 3. Determine the optimal value of the criterion for evaluating the set of features:
Jopt=min(J(X,))

Step 4. Determine the optimal set of features: X~ =argmin J(X,).

Step 5. Stop.

The classic full search is the easiest to implement and guarantees an optimal solution. The
disadvantage of this method is its limitation in solving practical problems, due to the large
computational costs of its use.

Unfortunately, despite its simplicity in implementation and guarantee of finding the optimal

solution, this method has complexity O(k" * X) operations, where

k —is the number of possible states of the feature;

n — is the total number of states;

x — is the complexity of the result determination operation for a certain set of features.

We prove that this is true: each of the features can be included in the sequence having one of the k

states, so the number of sequences is equal k" and for each of the sequences found it is necessary to
check its optimality [8, 9, 17].

In general, there are three main classes of feature selection algorithms - filters, wrappers and built-
in algorithms.

Filters are built on the basis of certain indicators that do not depend on the method of classification.
For example, such as the correlation of features with the target vector, the criteria of informativeness.
They are used in classification task. One of the advantages of this class is that it can be used as a kind
of premature processing to reduce dimensionality and prevent retraining. Filtration methods usually
work quite quickly. Filters are used to select features in clustering, to construct an initial approximation.
Unfortunately, such methods cannot find a strong relationship between the symptoms, and are usually
not sensitive enough to detect all the dependencies in the data.

3. Built-in algorithms

Built-in algorithms perform feature selection during the classifier training procedure, and they
explicitly optimize the feature set used for better accuracy. The advantages of built-in algorithms are
that they usually find solutions faster, avoiding retraining data from scratch, while eliminating the need
to divide the data into training and test samples. However, these algorithms are not universal [8, 10].



Wrapping methods rely on information about the importance of the characteristics obtained from
certain classification or regression methods, and therefore can find deeper patterns in the data than
filters. Wrappers can use any classifier that determines the importance of the feature. Several wrapper
algorithms will be discussed in more detail later in this paper [10, 13].

RandomForest is a machine learning algorithm proposed by LeoBreimani and AdeleCutler.
Represents an ensemble of many numerical, sample-sensitive algorithms (decision trees). These
algorithms have a small offset. The bias of the learning method is the deviation of the average value of
the answer of the learned algorithm from the answer of the ideal algorithm. Each of these classifiers is
based on a random subset of objects and a random subset of features. Let the training sample consist of
N examples, the dimension of the feature space is M, and the given parameter m. Let's write down the
RandomForest algorithm step by step.

All trees of the ensemble are built independently of each other using the following procedure:

1. Generate a random subsample with the repetition of the size n from the training sample.

2. Construct a decision tree that classifies the examples of this subsample. In addition, during the
creation of a certain node of the tree, we will choose the feature on the basis of which the partition takes
place, not from all Moznaks, but only from m randomly selected.

3. The tree is built until the subsample is completely exhausted.

Obijects are classified by voting: each tree in the ensemble assigns an object to one of the classes,
and the class for which the largest number of trees voted wins.

The RandomForest algorithm can be used to assess the importance of features. To do this, you need
to teach the algorithm on the sample and when building a model for each element to calculate the out-
of-bag error [14]. Let X be a bootstrapped tree sample b. Bootstrapping is the selection of a specific set
of objects from a sample, with the result that some objects are selected several times and several times
not. Adding multiple copies of one object to the bootstrapped sample is responsible for setting the
weight for this object - the corresponding value will be included in the functionality several times, and
therefore the penalty for error on it will be greater. Let L(X, y) be a loss function, yi — be the answer to
the i-th object of the training choice, then the out-of-bag error is calculated on the basis of the following
formula.

OOB = L(ZI: Y, N;i [ X b, (x))

i1 Z[Xi $Xrll]n:1 (1)
n=1

Then, for each object, this error is averaged over the entire random forest. To assess the importance
of a feature, its values are shuffled for all objects in the training sample and the out-of-bag error is
calculated again. The importance of the feature is calculated by averaging over all trees the difference
of out-of-bag-error before and after mixing the value. The value of such errors is normalized to the
mean deviation. Random forest has some other advantages for using it as an algorithm for selecting
features: it has very few customizable parameters, relatively fast and efficient operation, which allows
you to find the informativeness of the samples without significant estimated costs. Boruta is a heuristic
algorithm for selecting important features, based on the use of RandomForest [5, 11]. The essence of
the algorithm is that at each iteration the features in which the Z-measure is less than the maximum Z-
measure among the added features are removed. To obtain the Z-measure of a feature, you need to
calculate the importance of the feature obtained using the RandomForest algorithm and divide it by the
standard deviation of the importance of the feature. Added features are obtained as follows: copy the
features that are in the sample, and then fill in each new feature by shuffling its feature. In order to
obtain statistically significant results, this procedure is repeated several times, and variables are
generated independently at each iteration [12, 14].

Let's write down Boruta algorithm step by step:

e Add copies of all features to the data. In the future, copies will be called hidden features.
Randomly mix each hidden feature.
Run RandomForest to get the Z-measure of all features.
Find the maximum Z-measure of all Z-measures for hidden features.
Delete the features in which the Z-measure is less than found in the last step.
Delete all hidden features.



o Repeat all steps until the Z-measure of all features becomes greater than the maximum Z-
measure of hidden features.

ACE (ArtificialContrastswithEnsembles) [6] is another algorithm that can be used to select features.
The main idea of the ACE algorithm is similar to the idea of Boruta - each feature is filled in randomly,
by re-shuffling its values. RandomForest is run on the received sample. However, unlike Boruta, the
least important features are not removed, which allows you to increase some measurements of important
features. The most important features are found by the ACE algorithm, the reverse is removed, which
allows the algorithm to find deeper patterns. Deleted features ACE returns as a response.

4. Methods of solving

An article [1] considered an example of the Boruta algorithm for the problem of finding the
difference between two subtypes of leukemia. This problem was previously solved by other methods
[7], which allowed to compare the results after using Boruta. The data have information about 38
patients. 3051 genes were described for each of them. To assess the quality of the algorithm, another
1,000 semi-synthetic features were added, which were generated by shuffling 1,000 randomly selected
genes. A good algorithm will not select the generated features as important. The importance of the gene
was assessed using the Boruta algorithm based on RandomForest. The number of trees in RandomForest
varied from 500 to 100,000. Each run was repeated 15 times.

We introduce the following notation:

Dud2002 - 91 isolated gene in 2002, the solution is described in [9]

Gol1999 - 50 isolated genes in 1999, the solution is described in [7]
Dram?2008 - 30 selected genes in 2008, the solution is described in [8]

Bor500 - 82 selected genes using Borutan-based RandomForest with 500 trees.

Bor100k - 261 isolated genes using Boruta-based RandomForest with 100,000 trees. Figure 1 shows
a graph of the number of genes on the number of trees. The Boruta algorithm is highlighted in black
dots, and the results of the algorithms Dud2002, Gol1999, Dram2008 are shown in other colors, which
were fed to the input of the features selected by Boruta with different number of trees.

A —_—
B 1|
//’a o
-9
al y ‘/(
‘] =3
* /
-]
g 84 J & Boruta
AR < Boruta & Dud2002
b . ‘I = Boruta & Gol 1599
E &8 Boruta & Dram 2008
s 81
- %o o . o o
©
24 <~ - -
™
T T T T T T
o 210 40k B (-2 1100

Mumber of trees
Figure 1: The dependence of the number of selected genes on the number of trees
It is seen that as the number of trees increases, the number of selected genes increases. Solid
horizontal lines show the total number of features selected by this algorithm. As a result, the algorithm
never selected as important genes the semi-synthetic data added for verification. Based on this, the
authors of this experiment concluded that the Boruta algorithm effectively copes with the task of
selecting features. To understand how features selected by the Boruta algorithm correlate with



previously selected features, and how the set of previously selected features correlates with each other,
a graphical representation of the sets of selected genes is given. Figura 2 shows how the selected sets
of important genes Dud2002, Gol1999, Dram2008, Bor500, Bor100k intersect. The area covered with
blue, purple and green stripes is represented by the intersections of Bor100k with Dud2002, Gol1999
and Dram2008 datasets, respectively.

Bor 100k

Figure 2: Intersection of important genes in different algorithms

It can be seen that many of the genes isolated by Boruta with 500 trees intersect with Dud2002,
Gol1999 and Dram2008. The genes obtained in the methods of Dud2002, Gol1999 and Dram2008 are
weakly correlated with each other (their retinal area is quite small). Genes isolated from 100,000 trees
include all genes isolated from the rest of the algorithms. This experiment confirms that all the
previously identified features are really important. Moreover, the algorithm has identified 150 new
genes. The result of this experiment shows that the sensitivity of the Boruta algorithm depends on the
number of trees in RandomForest. This is due to the Z-measure parameter. It is evaluated using
important features derived from the built-in algorithm in RandomForest, and the importance of the
features is the average decrease in the accuracy of the trees that use this feature. Therefore, the relevance
of the gene can be learned only with a fairly large number of trees.

5. Experiments

Data on 2227 different types of real estate will be used to study the operation of feature selection
algorithms.

On the basis of the received data it is necessary to predict cost of rent and to define features on which
the cost strongly depends.

The data have 19 features, among which 2 are categorical:

e SpaceType - The type of building in which the object is located, has 31 values;
e LeaseType - Provides information about what costs are included in the rent.

9 integers:

SpaceSize - Room size;

Numberoftransportspots - Number of parking spaces;

Population - Population in the region;

Landarea - Area of the region;

Socialcharscore - Prestige (social score);

AverageHHincome 2013 - Average income of the population in 2013;

Average salary of employees ($ 000s) - The average income of a worker in a new business;
Number of new retail places 2013 - 2010 - Number of new places for rent for 2010-2013.

8 rational:

e Populationchange 2013-2010 - Change in population as a percentage;
o Density of people living area - Density of people in the region;
o Density of people working in area (based on lat / lon) - Density of working people;



Total density (living + working) - The sum of two past features;

Household size - The size of the warehouse;

Income change 2013 - 2010 - Income change for 2010 - 2013;

Changein%ofbachelordegrees - Change in the percentage of people with a Bachelor's degree.
% of employees in new companies vs all - Percentage of employees in new companies.

W Integers(9)
W Rational (8)

W Categorical (2)

Figure 3: Distribution of variables in the Dataset

6. Assessing the importance of features

The initial sample was divided into three parts, to use cross-validation with three folds. Initially,
categorical features were coded by a set of Boolean vectors, one for each value of the feature. Figura 4
shows a graph in which for each feature together with a set of Boolean vectors showed their importance
for the three parts of the sample using the built-in RandomForest algorithm.
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Figure 4: The importance of features (added set of Boolean vectors - the last 37 features)

The importance of adding binary features to almost all is zero. And after many experiments, it turned
out that the set of Boolean vectors for categorical features, only worsened some of all the algorithms
used.
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Figure 5: The importance of categorical features

Therefore, the features responsible for the categorical were removed from the dataset. Figure 6
shows a graph showing the importance of each of the 17 non-categorical features for the three parts of
the sample using the built-in RandomForest algorithm.
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Figure 6: Importance of features after removal of categorical
The graph in different colors shows the importance of the feature obtained on three samples.
Let's find the average value for the three tests to reflect the importance of each feature.
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Figure 7: The average importance of non-categorical features

Table 1
The following features have the maximum importance as a result



Title Importance Title

Social chat score 16.9% Social chat score
Number of new retail places 16.2% Number of new retail places
Space Size 10% Space Size
People working in area 7.7% People working in area
Total density 7.7% Total density
Average HH income 7.7% Average HH income

The remaining features were less than 5% important (this is much less important than the selected
features). Using only these features, which were of maximum importance, a simple algorithm was built,
the average error of which differs little from RandomForest. This algorithm sorts the value of each
important feature in the object and, depending on the range in which the features lie, assigns a certain
constant to the current variable.

The parameters were adjusted on two-thirds of the randomly selected sample objects and tested on
the remaining one-third. After many experiments, it turned out that RandomForest is the best machine
learning algorithm for solving the problem of predicting the cost of rent, among the revised algorithms.
Figura 8 shows the results of those algorithms that showed the best result.
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Figure 8: Results of the best algorithms

The graph shows the algorithm error on the MSE metric (MeanSquaredError) for each of the three
folds and the average error on all three. Each algorithm was applied first to the entire sample and then
only to the features that were selected as important. The table shows the average error of the algorithms
for the MSE metric.

Table 2
The average error of the algorithms for the MSE metric
Algorithm Quality on all features Quality on important features
Random Forest 24.1 23.8
GB 254 25.7
KNN 30.2 28.93
Ridge 35.0 34.7

Almost all used models showed the best result on the selected features, but for this purpose it was
necessary to reconfigure all parameters.

Implementations of all machine learning algorithms were used from the scikit-learn library in the
Python programming language. For each algorithm, all parameters were configured using the
GridSearchCV function, but the average error for the three folds on the configured parameters was
almost the same as the error on the standard parameters. All algorithms were run on selected features



using the described feature selection algorithms, but the average error for the three folds remained
almost the same.

The Boruta algorithm was applied to the data. Figura 9 shows the importance of the features
determined by the Boruta algorithm. Important features are identified in green. The importance of the
features was determined on 200 iterations of the algorithm.
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Figure 9: The importance of features with Boruta
Here are the most significant features selected with Boruta.

Table 3
The most significant features selected with Boruta
Feature The average significance
of the feature
Space Size 18.6
Numberofnewretailplaces 2013-2010 12.8
Socialchatscore 12.3
Densityofpeopleworkinginareabasedonlatlon 12.2
Totaldensitylivingworking. 11.3
Average HH income 2013 9.4
Householdsize 8.7
Population 8.2

It turned out that this algorithm selected almost all the important features that were selected using
the built-in algorithm.
Let's compare the results of the Boruta algorithm with nested RandomForest.
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Figure 10: The most important features are determined by the Boruta algorithm
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Figure 11: The most important features are determined by the Random Forest algorithm

Comparing these results, we can see that the Boruta algorithm shows the results, which is an
extension of the results of RandomForest. Several things lead us to this conclusion:

The Boruta algorithm has retained all the important features found by its predecessor.

The Boruta algorithm has retained the proportionality of the importance of the selected features.

The Boruta algorithm found deeper connections between the features and added 2 new fetures to our
result, and reduced the% content of unimportant features from 35% to 7%.

7. Comparison of the complexity of complete search and Boruta algorithm

Define n as the number of features in the data network, p is the number of iterations of the Boruta
algorithm, and k is the number of forests in RandomForest.

Then the complexity of the full search will be evaluated as O(2"n), and the complexity of the

Boruta algorithm as O(p *n). owever, the Boruta algorithm requires O(n*k) of memory to store
arbitrary trees generated by RandomForest.
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Figure 12: Comparison of complexity for n = 10

For n = 10, we can see that the number of operations for a complete search is 2 times less than for
our chosen algorithm. However, an important fact is that the complexity of Boruta grows linearly
depending on the number of selected iterations and the number of features in our data network. Instead,
the full bust grows exponentially from n, and already for n = 11, catches up with Boruta, and for n =
15, leaves it far behind.
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Figure 14: Comparison of the number of operations for n = 15
Based on these graphs, we can say that for small data you can use a full search to obtain the optimal

set of features, but for large, there is a so-called "combinatorial explosion”, which puts the Boruta

algorithm in 1st place.

8. Conclusion

Selection of features is an important stage in the construction of machine learning algorithms. This
step is needed to get rid of redundant features and thus improve the quality and reduce the execution
time of algorithms. The conducted experiments confirm that the algorithms for selecting features using
RandomForest effectively cope with their task. Thus, the solution of this problem can significantly
reduce the time spent on calculating the matrix chain. This solution can be obtained by a complete
overhaul: it is necessary to consider all possible sequences of calculations and choose from them the
one that occupies the smallest number of scalar products when calculating the chain. However, it should
be borne in mind that this algorithm itself requires exponential calculation time [2, 15], so that for long
matrix chains the gain from calculating the chain in the most efficient way (optimal strategy) can be

completely lost during the stay of this strategy [4].
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