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Abstract

The article proposes a methodology for forecasting market price indicators of one of the main structural
elements of the cost of construction material resources. Predictive models are developed taking into
account changes in social and economic factors based on neural network methods. The authors provide
recommendations on the use of a predictive model in managing the cost of construction products in the
system of construction cost engineering. Conclusions and recommendations on the use of neural network
models for predicting the cost of material resources in the system of cost engineering in construction: the
developed methodology allows planning prices for building materials, taking into account changes in
social and economic factors in the regional building materials market; the use of neural network
predictive models of the cost of building materials is effective at various stages of the investment and
construction process - when planning capital investments, when forming the estimated cost, when
determining the price of contracts.
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1. Introduction

Capital construction in the sphere of state material production with a market economy occupies
one of the leading positions. The specificity of the types and purposes of construction products, as an
industry, predetermines the features and originality of methods and approaches to the pricing system of
individual subjects of investment activity at various stages of the creation of fixed assets.

Today, the issue of increasing the competitiveness of construction enterprises is especially
relevant. In turn, the solution to this problem is possible when creating an effective management system
focused on achieving strategic goals.

The stable development of a construction organization is impossible without the active use of cost
engineering; in particular, construction cost management tools, as an integral part of general management
system of the enterprise (Samara Center for Pricing in Construction, 2020; Vlasova et al., 2020).

The new principles of market relationships between the subjects of investment and construction
activities put economic and technological problems of material resources management on one of the first
places.

The concept of «material resources» includes building materials, products, structures, parts, semi-
finished products necessary for the production of construction products. The nomenclature of material
resources used in construction production amounts to hundreds of thousands of items. All the varieties of
building materials for monitoring purposes are combined into enlarged groups. The importance of
individual elements of the general list of building materials is determined by decomposing the estimated
cost of capital construction objects and structural elements into their components, highlighting the main
pricing components.

The grouping and classification of material resources is a format of specified nomenclature lists in
the form of generalized groups and subgroups, comparable in terms of technical characteristics of
elements, taking into account their structural homogeneity. The assessment of the relative importance of
material resources within each group is carried out by ranking them by cost in the general structure of
costs for the implementation of construction and installation work on the object as a whole, as well as by
individual base build design.

Building cost management at various stages of the life cycle of an investment project largely
depends on the economic justification of the need for resources, their quantitative, qualitative and cost
indicators.

The methodology of pricing in construction, the development of a system of contractual relations
based on firm contract prices determines the need for enterprises in the construction industry, investors,
customers, contractors, designers to obtain objective information on the price indicators of construction
resources corresponding to the real time periods of investment planning, preparation of project
documentation, construction, putting the facility into service (Geraskin & Rostova, 2020).

The process of planning future costs is impossible without scientifically grounded approaches to
predicting the resources cost based on market monitoring of their current cost. Continuous monitoring of
the prices of materials is carried out in each region, as a rule, by regional authorities for pricing in

construction. To organize such monitoring and present its results, it is necessary to use a unified system of
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classification of material resources in construction. To develop predictive models, we used a standard

typology of building materials.
2. Problem Statement

The process of planning future costs is impossible without scientifically grounded approaches to
predicting the resources cost based on market monitoring of their current cost. Continuous monitoring of
the prices of materials is carried out in each region, as a rule, by regional authorities for pricing in
construction. To organize such monitoring and present its results, it is necessary to use a unified system of
classification of material resources in construction. To develop predictive models, we used a standard

typology of building materials.
3. Research Questions

In the context of crisis management, management decisions in the field of pricing based on
methods that are sensitive to changes in economic factors come to the fore in the construction industry
(Geraskin & Kuznetsova, 2020; Geras'kin & Chkhartishvili, 2017; Komarevtseva, 2017; Ramzaev et al.,
2016, 2017, 2020). Of the modern forecasting methods with maximum sensitivity, the neural network
modeling method can be distinguished as the most preferable for this parameter (Borovikov, 2001).This
method is often used in various fields, for example, such as predicting optimal technological parameters
in injection molding, stamping tooling (Demyanenko & Popov, 2012; Grechnikov et al., 2016;
Grechnikov et al., 2018) , additive technologies (Agapovichev et al., 2017; Smelov et al., 2016), in
modeling the structure of a material (Grechnikov & Khaimovich, 2015). Often these calculations are
performed using BIG DATA technology (Bogdanov et al., 2018).

4. Purpose of the Study
Forecasting the cost of building materials in a volatile market based on neural network modelling.
5. Research Methods

The methodology for predicting pricing in the building materials market should be as follows:
i. Carrying out scaling of estimated prices by elements and groups of typological grouping.

ii. Carrying out scaling of data on social and economic parameters for 2020, affecting the

development of pricing in the construction industry.

iii. Development of the structure of the perceptron for the neural network for predicting the

development of estimated prices in the Samara region.

iv. Construction of neural networks in the Statistica package, error analysis and selection of the

optimal network for further modeling.
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V. Carrying out training of the optimal network to obtain forecast estimates of changes in estimated

prices in the Samara region.

Vi. Development of a predictive model of the level of change in the estimated cost in the region
based on the statistical and social and economic parameters of the development of the Samara

region.

vii. Recommendations for using the results of the neural network model in the pricing management

system in the construction industry.

The scaling of estimated prices for the elements of the typological grouping is carried out
according to the formula:

Ysr = (Vis — Ymax)/ Umax = Ymin)» 1)

where y;, is the new calculated value, y; is the original table value, y,,.,iS the maximum value in a row,
YminiS the minimum value in a row.

The type of scaled data in the «Metal goods and structures» group is shown in Table 1.

Table 1. Scaling of the estimated price of materials for the group «Metal goods and structures» (over the
period from March to October 2020)

Name Unit  March  April May June July August  October

1.1. Concrete products
(blocks, panel) fire-
resistant, silicic
N1,26,7 8,11, 20,

24-1, 24-2, 31, 37 brand t 0.8529 1.000  0.000 0.000 0.000 0.3511 0.0000
DBK

N1 2678, 11, 20,
24-1, 24-2, 31, 37 brand t 0.8529 1.000  0.000 0.000 0.000 0.3512 0.0000

DB
N 4,509, 10, 12, 21, 22,
23, 25, 26, 30, 34, 36, t 0.8529 1.000  0.000 0,0000 0.000 0.3512 0.0000

38 brand DBK
N 4,5,9, 10, 12, 21, 22,

23, 25, 26, 30, 34, 36, t 0.8529  1.000 0.000 0.000 0.000 0.3513 0.0000
38 brand DB

The following indicators are attributed to the social and economic parameters, presumably (based

on empirical estimates) influencing the formation of the price of material resources in construction:

= inflation;
= scope of work by type «construction»;
= commissioning of residential buildings;

= industrial production indices.

The general and scaled social and economic parameters of the Samara region development in 2020

selected for modeling purposes are presented in Table 2 and Table 3.

261


http://dx.doi.org/

https://doi.org/10.15405/epshs.2022.08.29

Corresponding Author: Irina N. Khaimovich

Selection and peer-review under responsibility of the Organizing Committee of the conference
elSSN: 2357-1330

Table 2. Social and economic parameters (data format)

Indicator name Unit March April May June July August  September
General Data
Inflation % 101.2 100.4 101.2 100.8 100.9 100.2 100.7

Scope of work by Min
type «construction» Rub.

Commissioning of Thous.

8087.2 8268 11495 13750 13756 15317 16577

residential buildings m2 74.3 77.0 66.6 93.10 128.1 132.3 183.1
Industrial
0
production indices % 109.7 93.6 100.4 104.8 100.3 92.1 105.1
Inflation % 101.2 100.4 101.2 100.8 100.9 100.2 100.7

Table 3. Social and economic parameters (scaled data)

Indicator name Unit March April May June July  August September
Scaled Data
Inflation % 1.00 0.20 1.00 0.60 0.70 0.00 0.50
Scope of work by Min
type Rub. 0.00 0.02 0.40 0.67 0.67 0.85 1.00

«construction»

Commissioning

. . Thous.
of residential m2 0.07 0.09 0.00 0.23 0.53 0.56 1.00
buildings
Industrial
production % 1.00 0.09 0.47 072 047 0.00 0.74
indices
Inflation % 1.00 0.20 1.00 0.60 0.70 0.00 0.50

The stages of predictive model development of the level of change in the estimated cost in the
region are formed on the basis of statistical and social and economic parameters of the development of the
Samara region by the method of neural network modelling (Borovikov, 2001; Grechnikov & Khaimovich,
2015) and include:

= development of a perceptron structure for a neural network for forecasting the development of

estimated prices in the Samara region;
= building neural networks in the Statistica package;
= error analysis;
= selection of the optimal network for further modeling;
= modeling of a new estimated price for a group of building material resources.

The basic principle of neural network formation (BPNN module in the Statistica package) is to
minimize the error function using the gradient descent method.

As experimental data, we used statistical data on the price of reinforced concrete products for the
period from March to December 2020 of the «metal goods and structures» group, as well as data on

inflation in the Samara region for the same period.
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The results of ten of these twelve experiments were taken as training sets. Six more Kits were taken
as test kits. When each training sample was introduced, an ensemble of models with different
experimental and training errors was obtained. In the BPNN module for this study, a three-layer
perceptron was developed, consisting of an input, hidden (intermediate) and output layers. Among these
layers, there are 2 processing elements of the input layer, including «inflation» and «period». The
processing of elements in the output layer has one characteristic, the estimated cost of the building

material. A schematic diagram of a three-layer perceptron is shown in Figure 1.

.

nflation 4
’ ’ : |, estmated
NERS, tice
period \ [ ] P
Input Intermediate Output
layer layer laver

Figure 1. Structural scheme of architecture of three-layer perceptron in BPNN module

A set of perceptrons constitutes a tutorial neural network that studies through the establishment of
connections by input and output parameters based on learners and test sets. The goal of training a network
is to build a functional relationship between input and output during training. Thereafter, the weight
function and the displacement of the intermediate layer can be obtained. The output value will be close to

the target value. The error function criterion is adopted in the network as follows:
1 2
E=_3(T; - Y))? @)

where Tjand Y; , accordingly, represent the given output and predicted parameters of the j -th output

neuron in the output layer.
The training steps of the perceptron in the BPNN module should be as follows:

Step 1: enter the input vector X and set the output vector T of the training sequence.
Step 2: calculate the output vector H of the intermediate layer.
nety = X; Wy X; — 0y, ©))

1
Hy = f(net) = —wrp

where i is the quantity of input neurons, j is the number of output neurons, x is the number of neurons in
the intermediate layer, W;, is the weight function between the input and intermediate layers, and 6, is the
displacement function of the intermediate layer.

Step 3. Calculate the output vector Y in the output layer.
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Tletj = Zk ijHk - 9], (4)
1
Yf = f(netf) = 1 + e met)’

where W, ;denotes the weighting function between the intermediate and 6; output layers and denotes the

offset of the output layer.
Step 4: calculate the magnitude of the variation stepsé .

The variation on the output layer is calculated using the following formula:

&= (T =Y fl(nety) = (T; = Y)Y - (1 = Y)). (%)
The variation on the output layer is calculated using the following formula:

8 = (X;6;Wij) - f (nety) = H(1— Hy) - 3 8 Wy (6)

Step 5: Calculate the weighting function correction and offset correction.

The weighting function correction and the offset value of the output layer are shown as follows:
Awij = e8jHi + a - AW AG] = —edy + - 6P ()

The weighting function correction and the offset value of the intermediate layer are shown as

follows:
Aw], = &8, X; + a - AW 007 = —e6y + a - A7, (8)

where e denotes the leaning rate, and astands for the momentum factor.
Step 6: Get the new values of the weight function and bias.

The weighting and offset values in the output layer are updated and can be represented as follows:

The weighting and bias values in the intermediate layer are updated and can be represented as

follows:
Wik = Wik + AWikak = Hk + AHk (10)
Step 7: Repeat steps from 1 to 6 until the error function converges.
To check the training results, you need to load the sets of values for testing into the neural

network, thereby completing the training. The purpose of testing is to check if the convergence error is

within the acceptable range. The root mean square error (RMSE), taken as a control for this study, can be

MyN(TP-yP)2
sko = [2EGY GEN

where M is the total number of testing sets, N is the number of neurons in the output layer, Tj”represents

calculated using the formula:

the value of the given output value of the j-th neuron in the p-th set and Yjp represents the predicted

output value of the j-th neuron in the p-th set.
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6. Findings

After training the network in the example of the model for forecasting the estimated prices for
material resources of the «Metal goods and structures» group, taking into account the period, inflation, we
received an ensemble of models with different learning errors. The best turned out to be a network with
the "multiperceptron MLP" type with an error of 0.15 in the test case, which is an acceptable error in

modeling (Figure 2).

A B C D E F
1 Index Profil Train Perf. Select Perf. Test Perf. Train Errar
2 1 RBF2:2-6-1:1 0.498544 0.390600 0.342068 1.545272
3 2 Linear 1:1* 1:1 0.673849 0.497755 0.474314 0.210383
4 3 Linear 2:2- 1:1 0.652408 0.389813 0.350542 0.203694
5 4 MLP 2:2- 5 1:1 0.506018 0.333635 0.299748 0.157989
6 5 MLP 2:2-6-1:1 0.504467 0.331670 0.301718 0.157567

Figure 2. Ensemble of neural network models for the forecasting model

The type of neural network model for predicting the estimated price for building materials of this

group is shown in Figure 3.

price

FN RN

inflation ~"

[N | ]
T
N o

Figure 3. Neural network for forecasting the estimated price in the group «Metal goods and structuress»

According to this model, setting the inflation value = 0.83 and the period = September, we
obtained the scaled value of the forecast of the estimated price = 0.68 or in terms of the estimated price in
September for glass raw materials 172.90 rubles, which corresponds to the statistical price for the
specified period.

When building a neural network for all selected social and economic factors affecting pricing in
the building materials market, it was possible to build a model that takes into account the influence of
inflation, the dynamics of the estimated price and the period for the group «Metal goods and structures»
(Figure 4).
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Figure 4. Neural network model type: a) in the coordinates “inflation - period — price”; b) in the
coordinates “inflation - dynamics - estimated price”

When forecasting the estimated price in the coordinates “inflation - dynamics - estimated price”,

we received a forecast that significantly differs from the real one. Thus, the scaled value should be 0.68
versus 0.22 obtained from the forecast model.

As a result, we conclude that it is better to use the network in the coordinates “estimated price -
period — inflation”.

Then the developed method of neural network modeling was tested by the authors for forecasting

prices in the groups «Materials and structures for load-bearing elements of buildings and structures» and
«Paints and varnishes».

The view of the neural network forecasting model in the coordinates “inflation - period - estimated
price” is shown in Figure 5.

12
10

estimated a2
price o

o4

R [}

o3

W05

0.4

period % 02
i 0

0.2

04

Figure 5. View of the neural network forecasting model for the group «Materials and structures for load-
bearing elements of buildings and structures»

The forecast for September in this group coincides with the real data of the estimated price in
September. The view of the neural network forecasting model in the group “Paints and varnishes” in the

coordinates “inflation - period - estimated price” is shown in Figure 6.
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Figure 6. Type of neural network forecasting model for the group “Paints and varnishes”

The forecast for September in this group coincides with the real data of the estimated price for

September. The difference between the forecast and statistical prices is 5%.

7. Conclusion

Conclusions and recommendations on the use of neural network models for predicting the cost of
material resources in the system of cost engineering in construction:
= the construction pricing market in the Samara region is significantly influenced by such social
and economic parameters as “dynamics of the volume of work by type of “construction”,
“inflation”, “industrial production index”. The dynamics of the commissioning of residential

buildings does not have a significant impact on the building materials market and can be

excluded from neural network modeling;

= the developed methodology allows planning prices for building materials, taking into account

changes in social and economic factors in the regional building materials market;

= the use of neural network predictive models of the cost of building materials is effective at
various stages of the investment and construction process - when planning capital investments,

when forming the estimated cost, when determining the price of contracts.

Neural network modeling has the potential to be used in forecasting the development of not only
individual segments of the construction market (in particular, building materials), but also in managing

the cost of construction in general.
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