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Abstract. The article is devoted to increasing energy saving and energy efficiency of public sector
institutions by automation of the process of energy-saving measures fitting. A classifier based on
an artificial neural network is proposed as a technology for selecting measures. The base numeric
dataset was supplemented by categorical data on buildings and structures. The urgency of the work
is justified by the need to develop solutions aimed at introducing measures to ensure energy saving
and energy efficiency in the public sector. The structure and operating principle of a module
of auto-selecting energy saving measures as a part of the Energy Resources Management Sys-
tem (SUER) are described. The work studies the quality of fitting energy-saving measures with
or without using data on categorical features. An analysis of the selected categorical features,
as well as a comparative analysis of their encoding methods, is carried out. An accuracy evaluation
method of the classifier in the context of the work is proposed. A series of experiments were
conducted by enumerating combinations of numeric and categorical data converting methods,
in order to determine the significance of categorical features in general, as well as to determine
the most effective combination of encoding methods. A comparative analysis of the results of the
experiments was performed and the most successful model was determined, with an addition-
nal assessment of the quality of the model was made based on the metrics of precision, recall
and Fl-score. Conclusions were made on the advisability of supplementing the original dataset
with categorical data to improve the performance of the system.
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MeponpuiTHil. B kadecTBe TexHOIOTHH MOA00pa MEPONPHUITHII B paboTe MpeIiokKeH Kiaccudu-
KaTop, IIOCTPOCHHBIN Ha 0a3e MCKYCCTBEHHOW HelipoHHOW cetd. Habop mH(OpMALMOHHBIX NpH-
3HAKOB JOMOJIHEH KAaTErOpHaJbHBIMU JAHHBIMU 3JIaHUH YUPEKACHUH. AKTYalbHOCTh pPabOThI
o0ocHOBaHa HEOOXOIMMOCTBIO Pa3pabOTKU PElIeHH, HAPABICHHBIX HA BHEIPEHHE MEp MO MO-
BEIIICHUIO dHEprocOepexxeHus: 1 sHeprodddexTuBHOCTH B Ol0/mKeTHOH cdepe. ONMUCaHBl CTPYK-
Typa W NPHUHOUI paboOThl MOJYJIsl aBTOMaTHYECKOro MOA0Opa MEpONpUsTHil 1o YHeprocoepexe-
HUIO B COCTaBE CHUCTEMBI yIpaBlieHUus 3Hepreruueckumu pecypcamu (CYDP). B pabore npousse-
JIeHbl HCCIICJIOBAaHMS KauecTBa IOAOOpa HHEProcOEpErarolinX MEPONpPUITHH € HAIMYHEM H
OTCYTCTBHEM KaTeTOPHAJIbHBIX NPU3HAKOB. [IpoM3BeNeH aHAIN3 BBIICJICHHBIX KaTErOpHaIbHBIX
MIPU3HAKOB, a TAKXKE CPABHUTENIBHBIN aHAJIM3 METOJOB MX KOAUpOBaHUs. [IpeiioxkeHa MeToanka
OIIGHKH TOYHOCTH paboThHl Kiaccupukaropa B KOHTEKCTe pemraeMoil 3amaud. [lytem mepebopa
KOMOMHAIUH METOJI0B IPpeoOpa3oBaHUs KOJIMYCCTBEHHBIX M KaTETOPUAJIbHBIX JAHHBIX NPOBEICH
PSII OKCHIEPHMEHTOB C LENbI0 OIpEeIeHHs 3HAYNMOCTH KaTerOpHaJIbHBIX IPH3HAKOB B IIEJIOM,
a TaKoKe ONpeseNieHus: Hauboee pe3yIbTaTHBHOIO COYETaHHUs METOJIOB X KOAUpoBaHMs. [Ipous-
BEJICH CPAaBHUTEIIbHBIA aHAIN3 MOJMYYCHHBIX PE3YJIBTaTOB C ONpe/eleHHeM Hanbosiee YCIeIHOH
MOJIEH, JUISl KOTOpoH OBbLIa IpOM3BeneHa IOIONHHUTEIbHAs OLCHKAa KadecTBa paboTHI Ha 0Oase
METPHK TOYHOCTH, OTKJIMKA M CpeJHeB3BemeHHoi F-Meprl. CuenaHbl BBIBOIBI O 11€1ecO000pa3Ho-
CTH JIONOJIHEHUSI HCXOJHOr0 Habopa KaTeropuaibHbIMH JaHHBIMM JUIS YJIyYIICHUS MOKa3aTeneH
paboThI pa3paboTaHHON CHCTEMEI.
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Introduction

A necessary condition for the development of any state is continuous eco-
nomic growth, accompanied by an increasing in the consumption of resources
and its consumers [1-4]. The main types of energy resources consumed by all
sectors of the economy are heat and electrical energy, cold and hot-water supply,
natural gas, etc. At the same time, the availability of resources in the public sec-
tor, critically important and sensitive to the level of resource provision, is affec-
ted by both the availability of the resource itself and the features of the financial
policy being pursued [5-7]. Federal Law No 261-FZ “On Energy Saving and
Improving Energy Efficiency, and on Amendments to Certain Legislative Acts
of the Russian Federation”, adopted in 2009, is aimed at “creating a legal, eco-
nomic and organizational framework for stimulating energy saving and impro-
ving energy efficiency” [8]. An important addition to this law is the fact that
the Russian government has developed several energy strategies up to 2035
and 2050 [4].

In practice, the achievement of the set goals is ensured by conducting an
energy audit of the facility with the subsequent creation and control of an energy
saving program (ESP). In this case, the basis of the ESP is a set of measures,
developed within the framework of the energy audit and aimed at achieving tar-
get energy saving indicators [9—11].

The study of the subject area showed that the most difficult stage of the
process is the energy audit due to economic and project risks. On the one hand,
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the costs of conducting research and implementing energy saving measures
(ESMs) may not be recouped within the expected useful life of a building.
On the other hand, classical methods of conducting energy audit do not cover all
the typological groups of buildings and measures, and not excluding influence
of the specialists’ competencies involved in the work [12, 13].

The problem of reduction the cost of money and human resources for con-
ducting an energy audit and the effectiveness of the proposed energy-saving
measures arises. Thus, the goal of the work is to automate the fitting of ESMs.
To solve the problem, a number of software systems based on artificial intelli-
gence methods: data clustering, fuzzy logic, expert systems, genetic algorithms
and methods based on the use of artificial neural networks (ANNs) have been
developed. The analysis of this systems showed that there is no common solu-
tion, but at the same time, a large number of them are proposed for individual
types of buildings. Also, most of the solutions considered require high resource
costs for preparing data or employees to work with them [14, 15]. In view of the
wide development and areas of application, when solving such problems, the
work proposes to use ANN [16].

As a result, within the framework of the Energy Resources Management Sys-
tem (SUER) [17], an intelligent module, that performs the selection of energy-
saving measures for a building within the framework of the creation of an ESP,
was developed. The structure of the module is shown in Fig. 1.
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Fig. 1. Diagram of the process of operation of the subsystem of automatic selection

of events of the SUER

At the initial stage, the user [User] enters data about institutions [Data Input]
into the “Actual information” subsystem [Actual Information]. This data repre-
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sents essential information about the institution [Object], as well as information
on the buildings included in its structure [Building]. Buildings have a number
of characteristics [Parameters], which make it possible to, directly or indirectly,
evaluate them. Next, at the initial stage of the ESP generation, all the necessary
information is imported from “Actual Information” [Import Necessary Data]
into “Energy Saving Programs” [Energy Saving Programs]. After, a program
with a basic level of filling will be created [Program Initial Creation]. The next
stage is the generating of a list of events [Forming a list of types of events]: the
essential information is transformed and transmitted to the input of the neural
network [Neural Module]; the network processes the information and returns
at the output a list of event types, which represents a vector of the probabilities
of using a particular ESM. The received information is converted to a normal
form and then undergoes verification [Data Validation] for the possibility
of using a particular event based on data from other subsystems [Related Subsys-
tems]. At the final stage, events are created and appraised [Events Creation] and
a ready to print ESP [Document| can downloaded by User [Getting document].

The neural network fitting process [Network training] should be highlighted
separately. At the preliminary stage, a data sample [Forming Dataset] is dumped
from the ESP subsystem [Selecting Historical Data]. This sample undergoes
filtration procedures [Data Filtering] and normalization [Data Normalization] of
a pre-selected set of building parameters [Feature Selection]. The resulting da-
taset is used to fit the network [Training Model], the result of which is a file con-
taining its parameters and structure [Saving Model]. This process is continuous,
since the database is constantly updated with new ESPs.

The data, which represent information on previously developed ESPs and are
accumulated during the operation of the SUER, were used to train the ANN.
Due to the architecture of the system it was decided to use information on the buil-
ding as a part of the institution as a input data vector. At the stage of the ini-
tial formation of the sample, the following features were excluded from the ge-
neral set:

— categorical features, since it is difficult to assess their influence within
a feature on the output data and the work of the classifier: type of a building
and institution, etc.;

— numeric features that are optional and have a low occupancy rate: width
and length of a building.

Thus, a sample was formed that included about 12,000 records containing
22 numeric features at the input:

— volumes of energy resource use: volumes of energy resources consumed in
the year preceding the year in the ESP started;

— structural characteristics of buildings: year built, total volume and area,
useful and heated volumes and area, areas of dispersion surfaces (outwalls, attic
and basement), number of windows, etc.;

— operational characteristics of buildings: number of employees, number
of visitors.
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And one output feature — a list of energy saving event type identifiers, con-
verted using Multi-Hot Encoding.

To improve the quality of training and subsequent operation of the network,
the data were cleaned and normalized. Data cleaning from outliers was per-
formed using the Box-plot method [18] and a priori information: outliers were
identified based on the specificity of a particular feature using visual classifica-
tion. The result of data cleaning was the exclusion of about 2000 records from
the total sample, or 17 % of the original dataset.

Data normalization was performed using min-max normalization (scaling):
the result of this type of normalization is bringing the feature values into the
range [0; 1] (Table 1). In the context of this work, the need to use this operation
is justified by the large spread of the initial data: the values in the final sample
lie in the range from 0 to 5-10°.

Two methods for data normalization were chosen: linear and logarithmic
scaling [19]. Linear scaling has the following form:

y =(x—min(x))/(max (x)-min(x)), (1

where y — normalized data; x — source data; max(x) and min(x) — maximum and
minimum values in the sample.
Logarithmic normalization has the following form:

y=x-min(x)/10’, ()

where y — normalized data; x — source data; min(x) — minimum values in the
sample; j — scaling factor,

J :logw‘max(x)—min(x)‘. 3)
Table 1
Example of normalized data for training a neural network
Year in Heat . Water. All space Windows Event ids
consumption consumption count

0.622951 0.025641 0.045384 0.042267 0.086957 | 4, 38,40
0.467213 0.013704 0.002771 0.045721 0.060201 36, 38, 40,

41, 50, 51

0.54918 0.035985 0.101683 0.097881 0.197324 38,41

Based on the analysis of some papers [20-23], a classifier based on feedfor-
ward neural network (multilayer perceptron) was developed. The choice of this
type of network is due to its applicability in solving this type of problems (multi-
label classification).

As a result, a neural network with the structure shown in Fig. 2 was deve-
loped [24, 25].
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Fig. 2. Structure of the original neural network

The network implementation is done in Python 3.10 using Keras API
(v2.13.1) on top of TensorFlow framework (v2.13.1), trained on Intel Co-
re 17-12700 CPU with DDR5 SDRAM and has the following configuration code:

model = M.Sequential()

model.add(L.Dense(inputs, input_dim=22, activation="linear"))

model.add(L.Dense(512, activation="relu'))

model.add(L.BatchNormalization())

model.add(L.Dense(256, activation="relu'))

model.add(L.Dense(53, activation='sigmoid'))

model.compile(optimizer="adam", loss='mean_squared error', metrics='ac-
curacy').

The basic metrics for evaluating the results of classifier training are accuracy
and /oss function.

Accuracy is calculated as the ratio of correctly predicted values to the total
number of iterations.

Loss function (error): mean squared error (MSE), calculated by the formu-
la (4), is used:

1 N
MSE =—%(y-3)’", @)

where J is the predicted value, y is the real output value, 7 is the total number
of training operations.
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The results of training the developed model on numeric data using the pre-
pared dataset are shown in Fig. 3—4.
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Fig. 4. Classification quality using logarithmic scaling

An assessment of the obtained results showed that the proposed approach
proved its feasibility and effectiveness. However, the previously imposed re-
strictions on the data used in the classifier's work could have caused the lower
accuracy of the network. To improve the accuracy, it is necessary to add an ana-
lysis of categorical features. This requires an assessment of the structure and
quality of the data, determining their correlation with the output and numeric
data, and determining the most effective method for their normalization.

Preparing for experiments

To improve the quality of classification, it was decided to supplement the da-
taset with categorical features. Thus, 12 categorical features were added to



B. K. Cman, /I. I'. Fyxanos, 1O. A. Kowauy
12 TloBsIieHne kayecTBa MoAGOpa SHEProcOeperanX MEpPONPUITHIL 3AaHHH. . .

the 22 numeric ones (Table 2). They contain information about the functional
purpose of buildings, the presence of wall insulation, glazing area and a number
of other characteristics that directly affect the energy saving characteristics of
buildings, as well as the ways to improve them.

The categorical data block can be structurally divided as follows:

— Belonging to typological groups: type of building; type of institution in
whose structure the building is included; energy efficiency class of the building;
functional purpose of the building;

— Design features: type of attic floors and the method of their insulation; ma-
terial of window units and their execution; material from which the walls are
made, type of basement rooms;

— Flags (binary features): technical floor, presence of facade insulation.

Table 2
Source categorical dataset sample
Type | Type Ext | Type Facade Wood P'lastlc
. . wall of window | window Warm
No| organi- | buil- | Kee . heat Roof Cellar
sation | din mate- | buil- havin block block roof
& rial | ding & type type
1 2 8 4 False 2 False 1 3 3 1 1
2 1 9 4 |False| 4 True 1 3 3 6 3
3 2 8 1 False | 2 False 1 2 3 1 1
4 11 3 8 False 2 False 1 2 2 1 1
5 1 9 3 |False| 4 True 1 2 3 7 1

From the number of unique values corresponding to each of the features (Fig. 5),
it is clear that the minimum number per feature was two (binary features), and
the maximum was 24 (for “Type building”).

20
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| |||| |||| IIII |III IIIII |“‘

o TYPE EXT TECHNICAL TYPE FACADE WOOD PLASTIC ROOF

ORGANIZANION BUILDING WALLS FLOOR of HEAT WINDOW WINDOW ROOF
MAT BUILDING HAVING BLOCK  BLOCK

TYPE TYPE

Fig. 5. Number of unique values of categorical features:
X-axis — categorical features; Y-axis — number of unique values for each feature
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The specifics of the data used are also determined by the method of storing
them in the database. In this case, each category is already assigned a serial
number (often from 1 to N). Thus, it can be considered that the categorical data
describing typological groups of building features are initially transformed using
Label Encoding [26], which will be described below.

To improve the quality of the initial data for analysis, it was decided to eva-
luate the possibility of switching from Label Encoding to Ordinal Encoding.
For this purpose, graphs of the distribution of values within each of the features
were obtained (Fig. 6). Using the example of the Type Building feature, it can
be seen that the order number in the initial data does not in any way affect the

occurrence of the value in the dataset.
Feature values distribution

107 1

102 4

10!

Entries (logarithmic)

10

T T T T T T T T T T T
1 23 456 8 910111213141516 1718 192021222324
Type building

Fig. 6. Distribution of values using an example of “Type building” feature:
X-axis — serial number of a “Type building” unit; Y-axis — number of entries in logarithmic scale

Categorical data encoding

To work with categorical data, it is necessary to select the type of their trans-
formation. There is a wide range of methods for encoding categorical data de-
pending on the task being solved. All these methods are similar in the need
to determine the set of values corresponding to the encoded feature. Let us
consider the most common ones taking into account the specifics of the coded
data [26-34].

One-Hot Encoding: the value of the target feature is replaced by a vector
consisting of a set of zeros (0) and only one “one” (1), the position of which cor-
responds to the position of the feature in the set of unique values [26, 28]. There
is a variation of this method called Multi-Hot Encoding, which allows storing the
value of several features at once and is used to transform output data: a set of
integer identifiers of energy saving measures is replaced by a set of ones located
in the vector at indices equal to the value of the type. This method allows enco-
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ding any data regardless of its type with the possibility of reverse encoding, but
the number of features at the input increases in direct proportion to the number
of values it receives.

Label Encoding: when using this method, each unique value of the feature
is assigned an integer (sequence number). The main disadvantage of this method
is the creation of redundant dependencies in the data, since from the point
of view of the neural network, the place in the list determines the significance
of the feature value. Most of the existing categorical features in source dataset
have already encoded with it due to the specifics of storing them in the database.
There is a variation of the method called Ordinal Encoding [26, 27, 29],
the main difference of which is the compilation of a correspondence table for
encoding features. Using of this approach is suitable only for ordered series, like
scales of subjective assessments, and it allows you to compensate the disad-
vantages of Label Encoding in some degree.

Binary Encoding is a hybrid of Label and Omne-Hot Encoding: each of
the N-unique values of a feature is assigned with an integer index, which in turn is
entered into a set of binary features (just a binary representation of the labels) [26].
When using this method, the growth of the final number of features corresponds
to the number of digits of the maximum value of the feature and changes accor-
ding to log(N). However, while compensating for some of the disadvantages
of the original methods, it inherits a number of other ones: redundancy of enco-
ding and the creation of redundant dependencies in the data.

Frequency Encoding: it is a simple method, since the share (occurrence)
of the encoded value in the dataset replaces the value of the feature in it.
The advantages include the efficiency of encoding, data scalability, since the
encoded values are in the range from O to 1, and the introduction of a depen-
dence of the significance of the feature on the frequency of its use.

Mean Encoding / Target Encoding involves transforming a feature in ac-
cordance with the value of the target feature [26, 29, 30]. It also depends on the
classification task: for regression — the average value of the target label for
a given value of the encoded feature; for binary classification — the probability
of a single class (event occurrence) for a given value of the encoded feature.
There is a simplified version called M-estimator Encoding that uses a scaling
factor to transform values. It also has varieties like Leave One Out Encoding
and CatBoost Encoding, in which the current vector is excluded when calcula-
ting the value of the target feature. This family of methods also includes James-
Stein Encoding, Weight of Evidence Encoding and its variation — Probability
Ratio Encoding, based on comparing the encoded values with the average values
of the target feature. In case of the problem being solved, using these methods
have no clue, since the target feature is a set of values and encoding them into
one contradicts the final goals of the multi-class classification being produced.

Hashing Encoding is similar to Binary Encoding, except for the fact that
the number of columns (digits) is determined not by the number of unique values
of the feature, but manually (usually from 1 to 100). It suits well for encoding text
data, but inappropriate in this case because the encoded features are already integer.

In addition, since the original categorical data are integers, the trans-
formation methods previously used for numeric data (linear and logarithmic
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scaling) are applicable to them. It will allow to fit the data into the previously
established interval [0; 1].

Ultimately, to find a solution to the problem, several methods of transforming
categorical data were selected and the following experiments were conducted:

— solving a classification problem using only categorical data without any
transformation and scaling to determine their value through assessing the corre-
lation with the output;

— solving a classification problem using scaled numeric data and categorical
data without transformations to assess the impact of categorical data on the accu-
racy of the classification process in general;

— solving a classification problem using scaled numeric data and scaled cate-
gorical data to assess the potential impact of encoding methods on classification
accuracy;

— solving a classification problem using scaled numeric data and categorical
data transformed using the following methods: Binary Encoding, Frequency
Encoding, Helmert Encoding, Backward-Difference Encoding to identify the
most effective encoding method within the framework of solving the problem.

Conducting experiments

To conduct the noted experiments, the number of perceptrons in the hidden
layers was increased from 512/256 to 700/400, respectively. This was done be-
cause the graphs showed underfitting of the resulting neural network when the
number of input parameters increased.

A metric for testing the quality of the model was also developed, because the
standard accuracy metric used in Keras API [35] calculates accuracy by counting
only full matches of values, but given the fact that the output data is an array
of event types, this technique is redundant. The evaluation of the results using
the developed technique is carried out in two stages:

1. Since the result of the neural network is a vector of probability estimates,
the data is transformed into an “encoded” form by setting a threshold value (0.8)
to assess if an ESM fits. Then the resulting set of zeros and ones is transformed
into an integer series of identifiers in order to discard the comparison of missing
events (0 when encoding). Thus, for example, the output vector (1.3117", 2.7647"7,
1.0005 "%, 7.9537, 429877, 2.437, 379877, 1.826 '°, 0.0, 1.795 %, 2.504 >,
227677, 0.0, 32777, 64177, 1376, 345477, 7.4047, 1.076 >, 9.3377,
6.8587"7, 1.4537%,1.3097%,1.05°, 8.1457%,3.0017, 1.759°", 3.874 ', 2.127 ",
9.9997",9.057 ", 4.5827%', 3.556 %, 9.1547', 7.7327, 1.0, 0.0, 7.504*, 3.748°°,
1.0, 7.424°%, 9.997", 5946, 8385, 1.196°', 1.0417", 1.602%, 5.995',
1.5847"° 224175, 43737, 33837 5.037%) will first take the form
(0000000000 0000000000 0000000001 0000010001 0100000000 0000000000),
and at the final stage it gets form like (30, 36, 40, 42);

2. The accuracy of the prediction is assessed by comparing the initial set of
identifiers with those obtained as a result of the neural network: the prediction
is considered successful if more than 50% of the events in the initial set are
included in the predicted set (for extra events, it is assumed that they will be
filtered out at the validation stage in the “Data Validation” module).
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The developed metric uses a 0.8 threshold value. This number was selected
empirically based on available statistical data.

To evaluate the accuracy of the work, a test data set was prepared with
a number of rows corresponding to 10 % of the original dataset.

Results

As a result, a number of experiments were conducted:

Experiment 1: Using only categorical data for fitting without any transfor-
mations. The resulting graphs (Fig. 7) show a correlation between the input and
output data, but it is not as strong as in the case of numeric data.

0.09
0.5
0.08
w
0.4 0
s 0.07
o <
(¥ )
g 9 0.06
503 =
v w
a g 0.05
— '
Zo2 S
g 3004
s 0
: -
0.03
0.1 o
=
0.02

0.0

=
=1
=

0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
Epochs Epochs

Fig. 7. Metrics of ANN fitting using only categorical data without any transformations
Experiment 2: Fitting a network using linearly scaled categorical data only
(Fig. 8). The data obtained show that reducing the values to a single interval

does not affect the fitting quality. The data obtained may also indicate that the
serial number of categorical data unit does not correlate with its impact.
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Experiment 3: Network fitting using numeric data with scaling and categori-
cal data without any transformations (Fig. 9-10). Based on the results obtained,
it can be concluded that the introduction of categorical data into the set, although
slightly, increased the accuracy of classification.
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Fig. 9. Metrics of ANN fitting using linearly scaled numeric data and categorical
data without any transformations
0.9
0.08
0.8
: 0.07
0.7
=
Zos  0.06
o [=]
L =
3 0.5 w 0.05
v o
E 0.4 Yooa
@ m
3 z
Qo3 Zo.03 ‘
0.2 =
. B 0.02
0.1 =
) 0.01
0.0 " - TP | l
0.00
0 2000 4000 6000 800D 10000 0 2000 4000 6000 8000 10000
Epochs Epochs

Fig. 10. Metrics of ANN fitting using logarithmically scaled numeric data and categorical data
without any transformations

Experiment 4: Fitting ANN using scaled numeric data and linearly scaled
categorical data (Fig. 11-12). In this case, higher classification accuracy rates
are observed comparing to the previous experiment, which is probably due to the
reduction of all values to a single range [0; 1].

Experiment 5: Network fitting using scaled numeric data and categorical data
transformed using frequency encoding (Fig. 13—14). This combination of data
transformation methods allowed to achieve fitting accuracy above 0.91 in both
cases, which can be considered an improvement in compare with fitting using
numeric data only.
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In the case of experiments using Helmert, Backward-Difference and Binary
Encoding methods, the fitting ANN using the initial model configuration fai-
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led. Attempting to correct the situation by changing the model hyperparameters
(its architecture, layer structure and fitting setup), as well as additional data
preparation methods, did not help to fix it.
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The summary of the results of fitting and testing the obtained models is pre-
sented in Table 3.

Table 3
Quantitative indicators of the results of training and testing the model based
on different data configurations
N Numeric data Categorical data Model Model

© encoding encoding accuracy aceuracy

(Fitting) (Testing)
1 Linear scaling Data excluded 0.8836 0.89
2 Logarithmic scaling Data excluded 0.872 0.86
3 Data excluded Without converting 0.4833 0.65
4 Data excluded Linear scaling 0.4751 0.53
5 Linear scaling Linear scaling 0.9065 0.46
6 Logarithmic scaling Linear scaling 0.9124 0.43
7 Linear scaling Frequency encoding 0.9058 0.91
8 Logarithmic scaling Frequency encoding 0.902 0.87
9 Linear scaling Bm?)riytifgglrg:ré’nliggﬁgard_ 0.0051 0.0

Discussion

The analysis of the obtained results allows us to consider that categorical

data have value and using it in the process of forming a set of ESMs is justified.
At the same time, the significance of this data class, compared to numeric data,
is significantly lower, and it is demonstrated by the accuracy of the fitting mo-
dels using only numeric data (89 %) and categorical data only (65 %). It is clear,
that the methods previously used to transform numeric data are not applicable
to categorical data: the use of scaling on isolated categorical data did not have
any effect, and when implemented, fitting on a combined dataset even reduced
the accuracy of the model from 89 to 46 %.

A practical comparison of the results of using categorical data encoding
methods showed that the frequency encoding method is the most effective.
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At the same time, some of methods that use dummy variables turned out to be
inapplicable for fitting current configuration of the classifier. On the other hand,
the results of works [28, 29], show a relatively high efficiency of methods using
dummy variables (One-Hot, Helmert, etc.) in solving linear regression problems.
It is worth noting that these works are similar by the fact that all surveys were
carried out for problems of single-class, and sometimes binary, classification,
in contrast to the multi-class classification used in this work.

The highest classification accuracy (91 %) was obtained for the model com-
bining linear scaling of numeric data with frequency encoded categorical data.
The calculated values of the Precision, Recall and Fl-score metrics for this
model have values 0.75, 0.778 and 0.757 respectively [36, 37]. These indicators can
be considered acceptable, given the presence of a “Data validation” block at the
output of the classifier. However, it is worth accepting the fact that the value of the
Recall indicator, which is primary important in view of the need to provide the user
with a greater number of possible ESMs, does not significantly exceed Precision
and there is a sense in refining the model by increasing this indicator.

However, the question of the possibility and correctness of using methods of
categorical data encoding that using dummy variables in solving the problem
under study remains open. Possible reasons for such an outcome may be the fact
that splitting one feature into several new ones entails introducing a large num-
ber of zeros and other constant values into the set. So, with the original number
of features equal to 12, when using Binary Encoding, their number becomes
equal to 59, and 99 when using Helmert or Backward-Difference Encoding,
which also exceeds the total number of features in the original set equal to 34.
Considering the small number of numeric features in the source dataset (22) and
their normalization to the interval [0; 1], adding 89 new features (that is how
many unique values all categorical features contain in general) consisting of ze-
ros and ones makes the classification problem unsolvable.

CONCLUSION

As a result of the work, a dataset was formed from not only numeric, but also
categorical data. The most suitable methods of data encoding, depending on their
type, were determined experimentally: for numeric data — cleaning from outliers
and scaling, for categorical data — frequency coding.

As a result of the experiments, the highest classification accuracy (91 %) was
demonstrated by a combination of linear scaling of numeric data with frequency
encoding of categorical data. Also, it demonstrates that introducing categorical
data into the dataset, it became possible to achieve an actual increase in accuracy
of 2 % compared to linear scaling without implementing categorical features,
which can be considered a satisfactory result.
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