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A DATA SCIENCE-BASED
MARKETING DECISION
SUPPORT SYSTEM FOR BRAND
MANAGEMENT

Abstract

To improve the marketing activity and brand management and justify the most effec-
tive marketing decisions, organizations should implement different information tech-
nologies, mathematical methods and models into the marketing decision support sys-
tem (MDSS). The goal of this paper is to form an architecture of an MDSS, the model
base of which is developed on Data Science tools, in particular regression analysis and
machine learning methods. The proposed MDSS is a multi-agent information system
comprising nine intellectual agents (market environment monitoring, data processing,
marketing mix modeling, price policy support, portfolio management, strategic analy-
sis, forecasting, customer segmentation, and customer classification). The functionality
of these agents is realized through Data Science, which allows for the optimization of
marketing activities (e.g., an effective brand management strategy and its elements
(portfolio strategy, price policy, and media strategy) or solving the problems of attract-
ing new and retaining current customers with the maximal return on marketing in-
vestments). The MDSS analyzes the marketing environment, media activity, and busi-
ness indicators by constructing different models and forecasting various combinations
of marketing factors to select the best one. The joint work of MDSS agents provides
decision-makers with interactive reports. The research findings offer a scientific basis
for making effective marketing decisions based on data, and the proposed MDSS can
become part of an intelligent system for planning marketing activities.

Keywords multi-agent system, decision-making, intelligent agent,

modeling, marketing strategy, marketing mix, enterprise

JEL Classification M30, C10, C61, D81

INTRODUCTION

Marketing activity, as the most critical function in the field of entre-
preneurial activity, ensures stable, competitive functioning and devel-
opment of the entire marketing system, considering the internal and
external environment. It is based on conducting marketing research
and developing a marketing strategy, which should be used to increase
the productivity of the enterprise and the efficiency of meeting the
needs of the end consumer (Grygoruk, 2011). Marketing research sig-
nificantly affects the enterprise’s profitability and its further develop-
ment. Therefore, modern information technologies and practical da-
ta analysis methods have become important. In addition, there is a
growing need for marketing departments to develop and implement
marketing decision support systems (MDSS), which will improve the
quality and speed of decision-making.

With a high rate of change, the importance of effective brand man-

agement and marketing strategy increases significantly. This is cre-
ating and managing the enterprise’s brand, the main components of
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marketing research, market analysis, marketing strategy, and advertising activity. In addition, brand
management requires the enterprise to solve essential issues such as finding and gaining advantages in
a highly competitive market, forming a portfolio strategy, choosing effective communication channels,
product distribution channels, and price policy, as well as ways to fully use its potential and correctly
allocate its resources to create favorable conditions for profit.

The ability to develop agile and efficient business processes is a decisive success factor for enterprises in
increasingly dynamic and complex marketing environments (Schuh et al., 2020). In the current stage of
business development, it is vital to use more advanced technologies such as Data Science and machine
learning to work beneficially with data, facilitate decision-making and extraction of actionable insights
and knowledge (Saura, 2021). It is vital to collect and analyze all possible business features and imple-
ment them into a comprehensive data-based solution to increase business results (Hurtado et al., 2019)
and improve the efficiency of brand marketing management.

Data Science-based MDSS is a way to effectively use data in the enterprise and switch to data-driven
marketing. Leveraging Data Science can enable businesses to exploit data for competitive advantage by
generating valuable insights. However, many industries cannot effectively incorporate Data Science into
business processes (Zhang et al., 2021; Fedirko et al., 2021) and marketing management, as no compre-
hensive approach allows organization-wide strategic planning based on Data Science (Kayabay et al.,
2022). Despite this, it is expedient to actively involve Data Science tools for the development of market-
ing decision support models, as well as the development of relevant MDSSs.

Developing MDSSs using small data sets usually leads to uncertain results, likely cause to incorrect de-
cisions and significant losses. However, collecting sufficient datasets for constructing an MDSS requires
high costs (Li et al., 2009). As a result, building such an MDSS is recommended for developed enter-
prises with high financial capabilities and which face different marketing tasks and problems in highly
competitive markets daily.

This paper proposes the multi-agent architecture of an information and analytical support system for mak-
ing marketing decisions based on Data Science tools (for data analysis and modeling, in particular), which
can be implemented in advanced enterprises to optimize marketing strategies and improve the processes
of brand’s marketing management. Thus, the purpose of this study is to develop such an architecture.

1. THEORETICAL BASIS

search has shown that marketing specialists offered
the opportunity to implement an MDSS have high-

The implementation of an information system to
support marketing decision-making in the activity
of the enterprise assumes that such a process is sys-
temic, and the developed and implemented MDSS
for brand management should reflect current infor-
mation about the market development and the com-
petitive environment, as well as about the effective-
ness of previously adopted decisions. In addition, the
system should work in automatic mode, minimizing
human involvement in solving marketing tasks.

An MDSS can be highly important as it supports
enterprises in collecting and processing informa-
tion and decision-making by providing predictions
and different models (Little, 2004). Previous re-

http://dx.doi.org/10.21511/im.19(2).2023.04

er performance but need more confidence about
their decisions. Performance increase due to a re-
liance effect (Demoulin, 2007). Van Bruggen et al.
(1996) investigated the impact of the MDSS quality
on decision-making. The quality was determined
by the predictive precision of its simulation models.
The results showed that marketing decision-mak-
ing using a high-quality MDSS outperforms deci-
sion-making in marketing using a medium-quality
MDSS. In a conceptual framework of MDSS pro-
posed by Wierenga and Oude Ophuis (1997), five
groups of factors are determined that potentially
influence MDSS adoption, use, and success: exter-
nal environment, organization, task environment,
user, and implementation.
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Alexouda (2005) presented an MDSS for develop-
ing a set of substitute products based on three op-
timization criteria and different scenarios using
the “What if analysis.” Wober (2003) investigated
insights for successfully implementing an MDSS
in tourism.

Aiming to support the adoption of strategic and
tactical marketing decisions for brand manage-
ment, the MDSS should perform the following
functions:

1. Determine the compelling media mix of an
advertising campaign (allocation of invest-
ments between communication channels),
taking into account the accumulated infor-
mation about the activity of competitors, sup-
ported by its impact on sales and other busi-
ness indicators, as well as market trends, in
particular regarding the media consumption
of the target audience.

2. Determine each channel’s optimal and nec-
essary media pressure under certain market
conditions and the enterprise’s goals.

3. Determine the optimal price index level fol-
lowing the prices of competitors and the price
elasticity of sales.

4. 'To be able to analyze the current market situa-
tion, the level of the competitive environment,
and the strategies of individual competitors,
which can affect the market structure, as well
as determine the strategic vectors of compet-
itors in order to take into account potential
risks and opportunities for the enterprise in
the future.

5. To be able to implement the tasks of custom-
er segmentation and solving classification
tasks regarding the optimization of advertis-
ing mailings according to the customer base
(minimizing mailings to customers who will
not respond to them) and minimizing the out-
flow of consumers from the customer base, if
there is such a need.

6. To prioritize brands in the enterprise’s portfo-

lio regarding their future marketing support
and development, using internal informa-
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tion on sales, product margins, external in-
formation on market structure, and demand
dynamics to identify patterns and effectively
distribute the marketing budget between dif-
ferent brands.

Considering the formed requirements, the pro-
posed MDSS for brand management will be mul-
ti-agent. A multi-agent information system (MAIS)
is a set of objects in the form of agents (cognitive,
reactive, hybrid), which are independent, but capa-
ble of interacting to solve tasks (Bulling, 2014) joint-
ly. These agents should be understood as computer
systems that “operate autonomously in a complex
dynamic environment to implement the goals for
which they are designed” (Chornous, 2016).

The multi-agent architecture for developing MDSSs
has been widely used in recent years. Figueroa-Pérez
et al. (2021) proposed this approach to create MDSS
for a new product design. Dostatni et al. (2015) pre-
sented the application of a multi-agent system to
support ecodesign decision-making and proposed
the agent-system structure supporting the designer.
Based on the multi-intelligent-agent technology to
develop the distributed MDSS, Ai et al. (2004) de-
veloped a three-layer system structure consisting of
the decision customer layer, decision core layer, and
decision resource layer and described the informa-
tion flow between the intelligent agents of the system.

Some studies have implemented a combination
of a multi-agent approach in building various
DSSs and Data Science as an environment for
developing models. For instance, Chornous and
Iarmolenko (2017) offered a theoretical model of a
DSS, based on the concept of a multi-agent infor-
mation system, for predicting stock prices using
data from social media. Machine-learning algo-
rithms in this system can connect content senti-
ments in social networks and stock market chang-
es. A combination of DSS and agent technologies
with Data Science proves a potent tool for decision
support in e-commerce. Vahidov and Fazlollahi
(2003) proposed an architecture for a multi-agent
DSS for e-commerce and described a prototype
system for making online investment decisions.

An essential step in integrating Data Science in

the planning of marketing strategy and activities
is the development of an MDSS by integrating pre-
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viously accumulated knowledge based on mathe-
matical modeling of marketing activities using
Data Science technologies.

The development of the MDSS model base using
various Data Science methods (in particular, re-
gression modeling and machine learning) is envis-
aged to achieve this integration. For this purpose,
general scientific methods (logical generalization,
comparison, induction, analysis, and synthesis)
also were used to identify trends in business de-
velopment and Data Science implementation, ana-
lyze differences in marketing tasks, and define the
main beneficial Data Science methods and models
in marketing for solving them.

Mathematical modeling in marketing is being in-
tegrated into decision-based frameworks to assess
customer behaviors and estimate demand. For in-
stance, modeling the marketing mix is a powerful
analytical tool for obtaining hidden knowledge
and information that can directly lead to maxi-
mizing the return on marketing investments (their
profitability) (Heliste, 2019). Furthermore, math-
ematical modeling and data analysis solve many
tasks of marketing and communication activity:

o forming a marketing complex;
o optimizing a portfolio of brands and products;
o clarifying the media mix of communications;

o building a media plan for an advertising
campaign;

o assessing the influence and dangers of com-
petitors; and

o forecasting key business indicators.

Birn and Stone (2021) explore the evolution of
marketing information systems and the need for
businesses to use marketing information to under-
stand and control the needs and behavior of po-
tential customers. The authors show how market-
ing research helps enterprises make decisions and
describe classic methods of marketing research
and forecasting marketing results, as well as meth-
ods necessary for effective development, prob-
lem-solving, and quality management. Customer

http://dx.doi.org/10.21511/im.19(2).2023.04
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analysis and marketing information systems are
important tools for managing the enterprise and
supporting marketing strategy and decisions.

Stone et al. (2021) studied the influence of mod-
ern interactive marketing on information about
customers and marketing research, in particular,
how radically the methods of collecting and using
such information for developing and implement-
ing marketing strategies and elements of the mar-
keting complex have changed. They noted the plat-
forms that allow businesses to manage their infor-
mation and interactions with customers in radi-
cally different ways through business intelligence
development. Johnson et al. (2021) examined the
experience of marketing departments that are en-
tirely data-driven in their decision-making. The
survey data confirm that Big Data Analytics con-
sists of four main activities: knowledge acquisition,
data quality improvement, testing, and dissemina-
tion of data analysis results. The study shows that
the shift to analytics improves the quality of re-
sources available to the marketing department and
provides a model for improving marketing infor-
mation quality and data-driven decision-making.

However, many issues related to the formation of
the information and analytical base of marketing,
the development and implementation of the strat-
egy, and its evaluation using data analysis and new
technologies require further development (Osaysa,
2022). This indicates the need to develop effective
MDSSs based on modern technologies, primarily
related to Data Science.

2. RESULTS

The development and launch of such an MDSS
for brand management (the general functional
structure of which is shown in Table 1) can pro-
vide access to operational information about busi-
ness indicators. It will also enable finding hidden
knowledge thanks to the display and support of
developed models of the marketing mix and oth-
er Data Science technologies. In this structure, the
modeling module is the support and base for oth-
ers. The accumulation of internal enterprise data,
data on the competitive environment, their inte-
gration, and the creation of additional knowledge
by models form the transition of marketing to ef-

41



Innovative Marketing, Volume 19, Issue 2, 2023

Table 1. General functional structure of the multi-agen

t MDSS “Brand’s marketing management system”

Source: Developed by the authors.

Business review Media review Strategic decisions
e Dynamics of the market and brands e TV * l\/larketjlng and medla strategy
A o e Portfolio analysis
e Market structure analysis e Digital Media boost by brand
e Analysis of sales depending on advertising activity e Qut-of-home (OOH) v

Regional analysis

Radio and Press

Client’s classification and clustering
Scenario forecasting

Modeling
e Mathematical modeling and Data Science methods i * ROl by media channels and brands
implementation i Seasonal ROI
e Price elasticity i e Forecasting

fective data-based decision-making through the
developed system of their support.

Figure 1 contains a schematic representation of the
architecture of the proposed multi-agent MDSS
with a basic set of brand management capabilities.
As a result, nine intelligent agents and three da-
tabases containing information on media activity,
customers, and sales data are needed to support all
marketing decision-making processes.

The external environment of the enterprise is a
complex and dynamically changing system of
relationships between the enterprise, competi-
tors, potential consumers, and other factors that
directly or indirectly affect the enterprise’s activ-
ities or the market demand for goods or services
(Ibrahim & Harrison, 2020). A comprehensive

and detailed description of all factors influencing
the enterprise is impossible due to their vast num-
ber. However, the key ones are the market activity
of competitors (in particular, their advertising and
sales activity), relations with potential consumers,
and socioeconomic changes such as wars or eco-
nomic and political crises.

The monitoring agent automatically collects data
from open and closed sources of information, hav-
ing previously activated paid access to them. The
critical data are the media activity of all brands in
key communication channels (television, Internet,
radio, outdoor advertising, and the press) and
data on sales in physical and monetary terms of
all brands of a particular market category. Such
information will create an opportunity for oth-
er agents and the system in general to analyze

Source: Developed by the authors.

Market
environment
monitoring agent

The external
environment
of the enterprise:

media channel

Database of media
activity of brands in each

Forecasting
agent

* Competitive
environment

* Socio-economic
phenomena and
processes

Data processing
agent

categories across
all players

Database on sales
of relevant market

\ A A

Agent
of strategic
analysis

Marketing mix
modeling agent

Price policy
support agent

Brand portfolio

The internal
environment
of the enterprise:
¢ Consumers

A
\ 4

Customer databas|
(CRM system)

management
agent

Customer
segmentation
agent

e

Customer
classification
agent

Figure 1. Architecture of the proposed multi-agent MDSS for brand management
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and form conclusions about market development
trends, the marketing mix’s effectiveness, and
competitors’ activities.

Some information collected by the monitoring
agent is unstructured (except for pre-prepared
reports and databases sold on the market by en-
terprises engaged in marketing research, such
as Nielsen, Proxima research, GFK, and Kantar).
Thus, it must be deciphered using artificial intel-
ligence software, which provides the possibility of
processing human language (Natural Language
Processing — NLP) and, notably, analyzing the to-
nality of texts (Zhecheva & Nenkov, 2022), which
is relevant when researching reviews about a
brand or enterprise on the Internet.

The sales database contains structured informa-
tion on sales dynamics in physical and value terms
and prices for all brands in a particular market
category. Such data are a direct reflection of mar-
ket trends and market structure. Therefore, they
are a vital indicator of the development of the en-
terprise’s brands on the market (sales dynamics or
market share). Furthermore, such information is
essential, as it helps to create marketing mix mod-
els, assessing consumers and market reactions to
the implemented marketing measures. Therefore,
asaresult, it determines an effective strategy based
on the activities of competitors and understands
the return on marketing investments (ROMI) of
each element of the marketing mix.

The database with data on the media activity of
brands in each communication channel is a re-
pository for structured data on the dynamics
of brand’s advertising on TV (in target ratings -
TRPs), on the Internet (in impressions), in outdoor
advertising, in the press, and on the radio (in im-
pressions/insertions). Such information assesses
the level of the brand’s competitive environment
and will be used when modeling critical indica-
tors of business development.

The internal environment of the enterprise is the
entities that directly influence the enterprise’s
activities and interact with it. It is worth noting
that the relationship between the external and
internal environments occurs through market-
ing activities. Thus, a part of potential consum-
ers becomes real thanks to the implementation of

http://dx.doi.org/10.21511/im.19(2).2023.04

Innovative Marketing, Volume 19, Issue 2, 2023

strategic and tactical actions by the enterprise’s
marketing team regarding market expansion, ad-
vertising activity, and sales system development
(Habib & Ahmad, 2019).

The customer database (from the CRM system)
contains current and historical data about cus-
tomers in a structured form, including detailed
purchase history (products, frequency, or total
spending), history of interaction between the en-
terprise and its customer, and personal informa-
tion. Filling the database is regulated by custom-
ers’ consent to collecting and processing personal
data, ethical beliefs, legislation, and technical ca-
pabilities of the enterprise.

Customer focus is a diverse and multifaceted con-
cept and is a crucial element of enterprise’s mar-
keting function (Islamgaleyev et al., 2020). Thus,
it is relevant to implement agents for custom-
er segmentation and classification using Data
Science methods, in particular machine learning
algorithms.

The customer segmentation agent implements
the methods of Data Mining and distinguishes
groups of consumers based on a formed or auto-
matically selected list of personal characteristics
and features. The basic assumption and purpose of
segmentation are that a separate product offer and
appropriate marketing communication should
be developed for different consumer segments
(Huseynov & Ozkan Yildirim, 2019). Therefore,
customer segmentation should be updated regu-
larly, especially during sharp changes in consumer
behavior.

The customer classification agent classifies meth-
ods based on the consumer database in order to
identify the main characteristics of customers
who, depending on the purpose of the classifica-
tion, have, for example, a higher risk of refusing
the enterprise’s services (the risk of churn) or a dif-
ferent probability of a positive reaction to adver-
tising mailings. This agent can identify the most
valuable customer groups (Giinesen et al., 2021)
and the further development of appropriate mar-
keting measures (Mo & Yang, 2022). Like custom-
er segmentation, classification methods should al-
so be applied regularly to maintain relevance to
the market situation.
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The marketing mix modeling agent constructs
models for the available target indicators of busi-
ness activity (sales, market share, or traffic). It
also determines the effective media mix of the
advertising campaign (allocation of investments
between communication channels), the optimal
media pressure in each media channel under cer-
tain market conditions, and following the enter-
prise’s goals, assessing the impact of each of them
on business growth. The agent uses economic
and mathematical models and machine learn-
ing methods to establish an effective marketing
complex and update the models and marketing
strategy with each new data and knowledge re-
ceived. Data Science makes it possible to increase
ROMI and improve the business results of the
enterprise.

The price policy support agent receives infor-
mation from the marketing mix modeling agent
about the price elasticity of sales and determines
the optimal price index level, considering the
current dynamics of competitors’ prices and
their expected dynamics in the future.

In the price analysis process, a particular price
increase can lead to a drop in package sales. On
the other hand, it can generate an additional level
of profit in the case that the price increase com-
pensates for the reduction in sales in physical vol-
ume and vice versa — a significant increase in the
price of a product can lead to a significant drop
in sales in natural volumes, and the enterprise’s
income will decrease significantly. Accordingly,
there is potential for optimization depending on
the price elasticity of sales and market share in
money and packages (Farm, 2020). Depending
on the business goals (increasing market share
in terms of money (increasing profits) or increas-
ing market share in packages (increasing brand’s
penetration among consumers), recommenda-
tions for pricing policy will be fundamentally
and radically different.

Based on the constructed econometric models of
the marketing mix for the brand, it is possible to
derive the dependence curves of the market share
in money (in value terms) and the market share
in packages depending on the price index level.
Furthermore, the coefficients of the models at the
price index indicate how the market share will

44

change when the index increases prices for 1 unit
(the nature of the relationship is linear in the case
of constructing a linear regression or non-linear
in the other case).

The market share in money and the market share
in packages are connected through the price in-
dex: the value market share is the market share in
packages multiplied by the price index, i.e.,

Value MS =Volume MS - Price index. (1)

Since the rate of change of the market share in
packages (linear or non-linear) does not coincide
with the rate of change of the price index (linear,
but with a different growth rate), there is a non-lin-
ear dependence between the price index and the
market share in monetary terms. This leads to
the presence of optimization zones depending on
business goals.

Figure 2 shows an example of the analysis of price
elasticity and the formation of recommendations
regarding the optimal price index. Depending on
the business goals, this Data Science methodolo-
gy turns into a flexible tool for specialists in the
price policy planning department, as it is possible
to formulate a recommendation on the price in-
dex level to achieve goals both in terms of mar-
ket share in value and market share in packages
(Chornous & Fareniuk, 2022).

The forecasting agent receives information from
the marketing mix modeling agent about the im-
pact of each factor on a critical business indicator
and implements scenario forecasting, calculating
for each scenario the overall level of sales, market
share, traffic, or other indicators, as well as the
planned ROMI. Based on the received forecasts,
marketing planning specialists will decide on the
most effective strategy under the set goals.

The brand portfolio management agent receives
information from the marketing mix modeling
agent about the ROMI of each brand and deter-
mines market capacity and demand potential
based on the category sales database. By process-
ing such information, the agent determines the
priority of brands in the enterprise’s portfolio and
is the basis for distributing the general market-
ing budget between the most priority brands. The

http://dx.doi.org/10.21511/im.19(2).2023.04
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Source: Developed by the authors based on Chornous and Fareniuk (2022).
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Figure 2. Example of the optimal level of the price index considering
the growth of market share in money

general process of portfolio strategy optimization
involves step-by-step analysis and modeling using
Data Science tools, as shown in Figure 3.

Marketing mix modeling is a tool for evaluating
ROMI by calculating the level of sales generated
by media activity in each communication channel
(equations (2)-(4)) and comparing it to the level of
media investment respectively. The second step of

the described process involves the calculation of
the Media Boost indicator according to equation
(5), which indicates the share of sales generated
by media activity, i.e., it shows the contribution
of media to sales in percentage. After converting
such an indicator into sales volume in monetary
terms and comparing it with realized media in-
vestments using equations (2)-(4), it is possible to
prioritize the brands in the portfolio according

Source: Developed by the authors.

4 N\

Step 1 Step 2

N\ )
Step 3

Construction of economic
and mathematical models of
the marketing mix for each

| | Calculation of the Media
Boost indicator, which
describes the contribution

| | Determining the sales
potential of the relevant
category and the brand's

brand - of media activity to the - position in it
market share of the brand
in the relevant segment
g J emem Y,
4 ) 4 4 )
Step 4 Step 5 Step 6

Conversion of the Media

Boost indicator into the
amount of revenue

generated by media support |—

- RN

| | Calculation of ROMI for
each brand and comparison
between them

| | Prioritization (ranking) of

brands in the portfolio and
distribution of the

/| marketing budget according

to priorities

RN J

Figure 3. Approach to the formation of an effective portfolio marketing strategy
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Media sales in hryvnias

ROMI general = . @)
General media investments
ROMI TV — Sales from TV in hryvmas' 3)
Media investments in TV
ROMI Digital = Sales from Digital in hrjyvnzas. @
Media investments in Digital
Media Boost — Sales from packaged medla. ©)

Total brand's sales

to their overall media performance as defined by
ROMI. In addition, understanding each commu-
nication channel’s effectiveness allows for formu-
lating an effective media strategy for each brand,
considering the competitive environment. Data
Science methods may increase general profit from
all brands in the enterprise’s portfolio.

The strategic analysis agent uses data from the me-
dia activity and sales databases to determine the
competitive level of media pressure (to achieve the
brand’s visibility against the background of compet-
itors in each media channel). It also determines stra-
tegic focuses analyzing the relationship between the
share of voice on the air (SOV) and the share of the
market (SOM). To achieve SOM growth, SOV must
be greater than SOM, and vice versa; if SOV < SOM,
the brand will lose ground. However, depending on
the category and market segment, there is a different
correlation between SOV and SOM. Thus, it is nec-
essary to build a model of the influence of SOV on
SOM based on the data of all brands of the category
for several years and, based on it, determine the nec-
essary effective SOV (ESOV) to achieve the business
goals. In addition, the agent’s task is to calculate the
Media Rating indicator, which rates the change over
a certain period of SOV and SOM, taking into ac-
count the brand’s position:

Media Rating =
_ASOM SOM
ASOV  Average SOM in the category

6)

Since various functions in the proposed multi-agent
MDSS are distributed among intelligent agents,
most can work autonomously and asynchronously.

46

Moreover, the interaction between agents allows for
keeping the system up-to-date and quickly adapt-
ing to all marketing environment changes.

3. DISCUSSION

The key milestones of this analysis are forming the
functional requirements for an MDSS and neces-
sary intellectual agents, system development, and
implementation into the marketing activity. As
a realization of the proposed architecture of the
MDSS for brand management, it is relevant to use
interactive dashboards (Nadj et al., 2020) or de-
velop separate software products. Here users that
make marketing decisions can interact with the
system, changing the planned indicators of mar-
keting mix elements and factors of the marketing
environment, and have an opportunity to change
the setting of the constructed models. It should be
noted that a final information system for support-
ing marketing decision-making does not neces-
sarily contain all the components described above
(Kingsman & de Souza, 1997). This study offers a
description of the broadest possible version of fill-
ing the system. In practice, certain nodes can be
replaced by ready-made solutions. For example,
monitoring agents can be replaced by products of
Proxima Research, Nielsen, GFK, or other systems.

Before building the multi-agent MDSS, it is worth
assessing how functional each component will be
in one way or another, taking into account the
costs of its implementation and the expected im-
provement in the quality of decision-making with
the help of the system (Juan et al., 2010). Therefore,
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to build an MDSS for the enterprise, it is advisable
to apply the concept of building a flexible infor-
mation and analytical system, which will make it
possible to increase the efficiency of its operation
(Lamb et al., 2012).

The proposed MDSS allows for achieving business
goals most efficiently due to increasing the speed
and quality of decision-making for the enterprises.
Globalization and Data Science in marketing led to
the unification and emergence of similar approach-
es to solving typical business problems, so the re-
sults can be used to further develop MDSSs and
mathematical methodology in marketing, as well
as to solve current problems of the global market.

Innovative Marketing, Volume 19, Issue 2, 2023

The limitations of the current study are that
the proposed MDSS only covers some possible
agents for solving a wide range of marketing
tasks for brand management. So, the future re-
search strategy and its directions include over-
coming the limitations of the current study
for improvement of an MDSS’s functionality,
which contains the possibility to include addi-
tional agents to the system, for example, agents
of regional analysis and modeling, agents for
NLP processing of social listening (Chornous
& Iarmolenko, 2017) or agents for analysis of
market basket. This will help to find new hid-
den insights that help to develop new effective
solutions and improve business results.

CONCLUSION

This study presents the architecture of the multi-agent MDSS that provides decision-makers with
a set of interactive reports for brand management. Such an MDSS is based on Data Science tools
and combines information and data on factors of the internal and external environment, media
activity in various communication channels, and the dynamics of business indicators. Moreover,
it includes intelligent agents (marketing mix modeling agent, price policy support agent, brand
portfolio management agent, agent of strategic analysis, customer segmentation agent, customer
classification agent, and forecasting agent). Its implementation allows to support main marketing
decision-making processes and solves many tasks of marketing and communication activity. These
tasks include: forming a marketing mix, optimizing the price index, improving the marketing
budget allocation for a portfolio of brands and products, clarifying the media mix of advertising
communications, assessing the influence and dangers from competitors, and, as a result, forecast-
ing key business indicators. Customer analysis and marketing information systems based on Data
Science methodology are essential for managing the enterprise and supporting the formation of
marketing strategy and marketing decisions.

The proposed MDSS is easy to implement in the interactive dashboard or separate software format
with a specific set of relevant agents, as various functions in it are distributed among intelligent
agents, and most of them can work autonomously and asynchronously. Therefore, decision-makers
can interact with the system or with necessary agents to quickly adapt to all changes in the market-
ing environment and effectively solve marketing tasks.

As a part of the model support of the MDSS, a methodology for developing economic-mathemati-
cal models based on Data Science tools was proposed, which makes it possible to optimize various
aspects of marketing activities, in particular, the formation of an effective marketing strategy in
general and its elements, solving the problems of attracting new and retaining current customers.
Data Science shows the highest correspondence to modern marketing, where consumers, their be-
havior, and their response to marketing activity are the focus of enterprises. Therefore, the research
findings provide a scientific basis for making effective marketing decisions based on data. The pro-
posed MDSS can become part of an intelligent system for planning marketing activities.

47

http://dx.doi.org/10.21511/im.19(2).2023.04



Innovative Marketing, Volume 19, Issue 2, 2023

AUTHOR CONTRIBUTIONS

Conceptualization: Galyna Chornous, Yana Fareniuk, Vincentas Rolandas Giedraitis.

Formal analysis: Yana Fareniuk.

Investigation: Yana Fareniuk.

Methodology: Galyna Chornous, Yana Fareniuk.

Project administration: Vincentas Rolandas Giedraitis, Erstida Ulvidiené, Ganna Kharlamova.
Resources: Galyna Chornous, Yana Fareniuk.

Supervision: Galyna Chornous, Vincentas Rolandas Giedraitis.

Validation: Galyna Chornous, Yana Fareniuk, Erstida Ulvidiené, Ganna Kharlamova.
Visualization: Yana Fareniuk.

Writing - original draft: Galyna Chornous, Yana Fareniuk.

Writing - review & editing: Galyna Chornous, Yana Fareniuk, Vincentas Rolandas Giedraitis, Erstida
Ulvidiené, Ganna Kharlamova.

REFERENCES

1. Ai, W.--G,, Sun, J., & Li, H. (2004).
A distributed marketing decision
support system based on multi-

https://doi.org/10.17721/1728- 10. Farm, A. (2020). Pricing in
2667.2016/178-1/7 practice in consumer markets.

6. Chornous, G., & Fareniuk, Y. Journal of Post Keynesian

intelligent-agent. Proceedings of
2004 International Conference on
Machine Learning and Cybernetics
(pp. 233-238). Shanghai, China.
https://doi.org/10.1109/1C-
MLC.2004.1380663

Alexouda, G. (2005). A user-
friendly marketing decision
support system for the product
line design using evolutionary
algorithms. Decision Support
Systems, 38(4), 495-509. https://
doi.org/10.1016/j.dss.2003.09.002

Birn, R., & Stone, M. (2021). Key
issues in managing marketing
research and customer insight. In
L. Wright, L. Moutinho, M. Stone,
& R. Bagozzi (Eds.), The Routledge
companion to marketing research
(1**ed.) (pp. 219-243). London:
Routledge.

Bulling, N. A. (2014). Survey of
multi-agent decision making. KI -
Kiinstliche Intelligenz, 28, 147-158.
https://doi.org/10.1007/s13218-
014-0314-3

Chornous, G. (2016). Ahentna
model intelektualnoi
informatsiinoi systemy
upravlinnia v ekonomitsi
[Agent-based model of intelligent
information control systems

in economics]. Bulletin of

Taras Shevchenko National
University of Kyiv. Economics,
1(178), 41-47. (In Ukrainian).

(2022). Optimization of portfolio
marketing strategy based on

data science technologies. CEUR
workshop proceedings (pp. 89-100).

Chornous, G., & Iarmolenko, 1.
(2017). Decision support system
for predicting stock prices
based on sentiments in social
media. Proceedings of the second
international conference on
Internet of things, data and cloud
computing (pp. 1-4). Cambridge,
United Kingdom. https://doi.
0rg/10.1145/3018896.3025158

Demoulin, N. T. M. (2007).
Marketing decision support system
openness: A means of improving
managers understanding of
marketing phenomena. Decision
Support Systems, 44(1), 79-

92. https://doi.org/10.1016/j.
dss.2007.03.002

Dostatni, E., Diakun, J., Grajewski,
D., Wichniarek, R., & Karwasz,

A. (2015). Multi-agent system to
support decision-making process
in ecodesign. In A. Herrero, ].
Sedano, B. Baruque, H. Quintidn,
& E. Corchado (Eds.), 10th
International Conference on Soft
Computing Models in Industrial
and Environmental Applications.
Advances in Intelligent Systems

and Computing, 368 (pp. 463-
474). Cham: Springer. https://doi.
org/10.1007/978-3-319-19719-7_40

Economics, 43(1), 61-75. https://
doi.org/10.1080/01603477.2019.1
616562

Fedirko, O., Zatonatska, T.,
Wolowiec, T., & Skowron, S. (2021).
Data science and marketing in
e-commerce amid COVID-19
pandemic. European Research
Studies Journal, XXIV (S2), 3-16.
https://doi.org/10.35808/ersj/2187

Figueroa-Pérez, J. E, Leyva-Lopez,
J. C., Pérez-Contreras, E. O., &
Sanchez-Sanchez, P. (2021). A
multi-agent MDSS for supporting
new product design decisions. In
E. Leén-Castro, E Blanco-Mesa, A.
M. Gil-Lafuente, J. M. Merigé, &

J. Kacprzyk (Eds.), Intelligent and
Complex Systems in Economics and
Business. Advances in Intelligent
Systems and Computing, 1249 (pp.
41-51). Cham: Springer. https://doi.
org/10.1007/978-3-030-59191-5_4

Grygoruk, P. M. (2011).
Informatsiina tekhnolohiia yak
instrument pidtrymky pryiniattia
marketynhovoho rishennia
[Information technology as a tool
to support marketing decision
making]. Pratsi Odeskoho
politekhnichnoho universytetu

- Proceedings of the Odessa
Polytechnic University, 3, 170-
176. (In Ukrainian). Retrieved
from http://nbuv.gov.ua/UJRN/
Popu_2011_3_29

http://dx.doi.org/10.21511/im.19(2).2023.04



14.

15.

16.

17.

18.

19.

20.

Giinesen, S. N., Sen, N., Yildirim,
N., & Kaya, T. (2021). Customer
Churn Prediction in FMCG
Sector Using Machine Learning
Applications. In E. Mercier-
Laurent, M.O. Kayalica, & M. L.
Owoc (Eds.), IFIP advances in
information and communication
technology, 614 (pp. 82-103).
Cham: Springer. https://doi.
0rg/10.1007/978-3-030-80847-1_6

Habib, E, & Ahmad, M. J. (2019).
Factors affecting consumer
buying decision: A quantitative
perspective. International Journal
of Scientific and Technology
Research, 8(10), 3022-3025.
Retrieved from https://www.ijstr.
org/final-print/oct2019/Factors-
Affecting-Consumer-Buying-
Decision-A-Quantitative-Perspec-
tive.pdf

Heliste, A. (2019). Adapting
marketing mix modelling for the
retail marketing environment

- A road map for development
(Master’s Thesis). Aalto
University. Retrieved from https://
aaltodoc.aalto.fi/bitstream/
handle/123456789/40888/
master_Heliste_ Antti_2019.
pdf?isAllowed=y&sequence=1

Hurtado, P, Dorneles, C., &
Frazzon, E. (2019). Big data
application for e-commerce’s
logistics: A research assessment
and conceptual model. IFAC-
Papers OnLine, 52(13), 838-843.
https://doi.org/10.1016/j.ifa-
c0l.2019.11.234

Huseynov, F, & Ozkan
Yildirim, S. (2019). Online
consumer typologies and

their shopping behaviors in
B2C e-commerce platforms.
SAGE Open, 9(2). https://doi.
org/10.1177/2158244019854639

Ibrahim, E. B., & Harrison, T.
(2020). The impact of internal,
external, and competitor

factors on marketing strategy
performance. Journal of Strategic
Marketing, 28(7), 639-658.
https://doi.org/10.1080/096525
4X.2019.1609571

Islamgaleyev, A., Petrova, M.,
Kurenkeyeva, G., Shalbayeva,
S., & Kadirbergenova, A. (2020).
Increasing customer focus in

http://dx.doi.org/10.21511/im.19(2).2023.04

21.

22.

23.

24.

25.

26.

27.

28.

Innovative Marketing, Volume 19, Issue 2, 2023

metal trading. Entrepreneurship
and Sustainability Issues, 8(1),
604-617. https://doi.org/10.9770/
jesi.2020.8.1(42)

Johnson, D. S., Sihi, D., &
Muzellec, L. (2021). Implementing
big data analytics in marketing
departments: Mixing organic

and administered approaches

to increase data-driven decision
making. Informatics, 8(4), 66.
https://doi.org/10.3390/informat-
1cs8040066

Juan, Y.-K,, Gao, P, & Wang, J.
(2010). A hybrid decision support
system for sustainable office
building renovation and energy
performance improvement.
Energy and Buildings, 42(3), 290-
297. https://doi.org/10.1016/j.
enbuild.2009.09.006

Kayabay, K., Gokalp, M.,

Gokalp, E., Erhan Eren, P, &
Kogyigit, A. (2022). Data science
roadmapping: An architectural
framework for facilitating
transformation towards a data-
driven organization. Technological
Forecasting and Social Change, 174,
121264. https://doi.org/10.1016/j.
techfore.2021.121264

Kingsman, B. G., & de Souza, A.
A. (1997). A knowledge-based
decision support system for cost
estimation and pricing decisions
in versatile manufacturing
companies. International Journal
of Production Economics, 53(2),
119-139. https://doi.org/10.1016/
S0925-5273(97)00116-3

Lamb, C. W, Hair, J. E, &
McDaniel, C. (2012). Marketing
(912 p.). Cengage Learning.

Li, D.-C, Lin, Y.-S., & Huang, Y.-
C. (2009). Constructing marketing
decision support systems using
data diffusion technology: A case
study of gas station diversification.
Expert Systems with Applications,
36(2(P1)), 2525-2533. https://doi.
org/10.1016/j.eswa.2008.01.065

Little, J. D. (2004). Models and
managers: The concept of a
decision calculus. Management
Science, 50(12), 1841-1853. https://
doi.org/10.1287/mnsc.1040.0267

Mo, L., & Yang, L. (2022).
Research on application effective

29.

30.

31.

32.

33.

34.

35.

evaluation of artificial intelligence
technology in marketing
communication. Security and
Communication Networks,

2022, 3507353. https://doi.
org/10.1155/2022/3507353

Nadj, M., Maedche, A., & Schieder,
C. (2020). The effect of interactive
analytical dashboard features

on situation awareness and task
performance. Decision Support
Systems, 135, 113322. https://doi.
0rg/10.1016/j.dss.2020.113322

Osaysa, E. K. (2022). Improving
the quality of marketing analytics
systems. International Journal for
Quality Research, 16(1), 119-

132. https://doi.org/10.24874/
IJQR16.01-08

Saura, J. R. (2021). Using data
sciences in digital marketing:
Framework, methods, and
performance metrics. Journal of
Innovation & Knowledge, 6(2),
92-102. https://doi.org/10.1016/j.
jik.2020.08.001

Schuh, G,, Giitzlaff, A., Cremer,
S., & Schopen, M. (2020).
Understanding process mining
for data-driven optimization

of order processing. Procedia
Manufacturing, 45, 417-422.
https://doi.org/10.1016/j.prom-
£g.2020.04.046

Stone, M., Aravopoulou, E.,
Woodcock, N., Laughlin, P, &
Stott, R. (2021). Interactive
marketing, customer information
and marketing research. In

L. Wright, L. Moutinho, M.
Stone, & R. Bagozzi (Eds.), The
Routledge companion to marketing
research (1* ed.) (pp. 38-54).
London: Routledge. https://doi.
org/10.4324/9781315544892-4

Vahidov, R., & Fazlollahi, R.
(2003). A multi-agent DSS for
supporting e-commerce decisions.
Journal of Computer Information
Systems, 44, 87-94.

van Bruggen, G. H., Smidts, A., &
Wierenga, B. (1996). The impact of
the quality of a marketing decision
support system: An experimental
study. International Journal of
Research in Marketing, 13(4),
331-343. https://doi.org/10.1016/
S0167-8116(96)00017-1

49



Innovative Marketing, Volume 19, Issue 2, 2023

36.

37.

50

Wierenga, B., & Oude Ophuis,
PAM. (1997). Marketing
decision support systems:
Adoption, use, and satisfaction.
International Journal of Research
in Marketing, 14(3), 275-290.
https://doi.org/10.1016/S0167-
8116(97)00009-8

Wober, K.W. (2003). Information
supply in tourism management
by marketing decision

38.

support systems. Tourism
Management, 24(3), 241-255.
https://doi.org/10.1016/s0261-
5177(02)00071-7

Zhang, D, Pee, L., & Cui, L.
(2021). Artificial intelligence in
E-commerce fulfillment: A case
study of resource orchestration
at Alibaba’s Smart Warehouse.
International Journal of
Information Management, 57,

39.

102304. https://doi.org/10.1016/].
ijinfomgt.2020.102304

Zhecheva, D., & Nenkov, N.
(2022). Business demands for
processing unstructured textual
data - Text mining techniques for
companies to implement. Access
to Science, Business, Innovation

in Digital Economy, 3(2), 107-120.
https://doi.org/10.46656/ac-
cess.2022.3.2(2)

http://dx.doi.org/10.21511/im.19(2).2023.04



	“A data science-based marketing decision support system for brand management”
	MTBlankEqn

