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ABSTRACT
In this contribution, we will present an approach to the automatic classification 
of customers based on their behaviour in the food market. The analysis is based on 
the data from a survey on meat product consumption in the Czech Republic. Classifiers 
were created to categorize customers into classes according to their habits of purchasing 
meat products, dividing the customers with respect to such characteristics as age or 
education. To accomplish this task some selected types of artificial neural networks 
(Multi-Layer Perceptron Neural Network, Kohonen Neural Network) were trained and 
also an approach based on grammatical evolution was used. These classifiers were 
compared with regard to their abilities to perform the given task. Also, the survey data 
pre-processing is described.

Keywords: Consumer’s  Behaviour, survey analysis, classification, grammatical 
evolution, neural networks

1	 INTRODUCTION

All organizations should pay attention to optimizing their workflows, also follow regulations, 
and dynamically respond to the situation on the market and customer needs (Rábová, 2012). 
Customer Relationship Management (CRM) can be viewed as a holistic framework that allows 
interaction between organizations and their customers (Dařena, 2008). To explore consumer 
behaviour, CRM uses marketing research. Marketing research is a process of collecting and 
using information for marketing decision-making (Boone and Kurt, 2013).

Birčiaková et al. (2014) describe consumer society by many distinctive features: increasing 
consumer activities, the new phenomenon of recreational shopping, strongly location-based 
consumption, strengthening customers’ role on the market, developing IT and its impact on 
consumer behaviour in the form of a broader and more varied selection and availability of 
products and services, and easier access to the information from both the supply and demand 
side. There are a lot of factors that influence customer behaviour (Hajko et al., 2014). Factors 
which influence the behaviour of consumers are very important for businesses because they 
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can focus clearly on their business policy based on these factors, which should lead to better 
business results (Novotný and Duspiva, 2014). The knowledge of fundamental relations gives 
the possibility to realize predictions and helps with the decide-making process about reaso-
nable actions in order to achieve the desired objectives (Bína and Jiroušek, 2015).

Data for research on consumer behaviour can be obtained from multiple sources. In the 
secondary research being typically used in national and international sources, such as the 
Czech Statistical Office or Eurostat, data is provided in electronic form, easily accessible via 
the Web. In the primary research, the most often used data is from surveys in which consu-
mers respond to specific questions.

 Tools that enable individual steps of marketing research, particularly the collection of data 
and its analysis can be more effective through the increased use of databases and data mining 
techniques (Bradly, 2007; Kříž and Dostál, 2010; Munk et al., 2013, Beránek and Knížek, 2012). 
As a part of a Marketing Information System, these tools provide persons with decision respon-
sibility with an instant flow of information relevant to their area. (Boone and Kurt, 2013).

The aim of this contribution is the automatic classification of customers based on their 
behaviour in a food market. The analysis is based on the data from a survey on meat product 
consumption in the Czech Republic. This article is related to the research from Lýsek and 
Šťastný (2013) where grammatical evolution was tested for survey data classification and 
compared to neural networks from Šťastný et al. (2011).; other applications of these methods 
include customer segmentation tasks (e.g., Mitchell, 1999 for GA; Kohonen, 1982 for SOM; 
Skorpil and Stastny, 2006 for MLP comparisons)

This study addresses two key research questions (RQ):
•	 RQ1: Is it possible to classify consumer types using passively collected behavior data 

instead of direct survey responses?
•	 RQ2: Which classification method (MLP, Kohonen network, grammatical evolution) 

provides the best accuracy in this domain?

It is very costly and time-consuming to ensure a  sufficiently high-quality prediction of 
customer behaviour. We must also take into account data protection and the willingness of 
customers to disclose their data. It is better to avoid these problems and find minimized easy- 
to-detect criteria for customer behaviour analysis. This paper shows multiple techniques that 
solve the above-described problem. The use of neural networks and genetic algorithms is also 
shown as a possible solution to these analyses.

2	 MATERIALS AND METHODS

For analysing customer behaviour, it is quite common to use data from marketing survey 
research (Turcinkova, Stavkova, 2012; Litavcova et al., 2015). The data used in our research 
was gathered in a customer survey on meat product consumption, the same data items were 
also used in Turcinkova et al. (2014). Customers answered a set of questions based on their 
opinions and preferences. There were also a few questions the purpose of which was to cate-
gorize each participant by such parameters as age, gender, education, type of household, 
size of his/her hometown or employment status, and a  few others. The survey contained 
1027 responses.

The survey responses were stored as 0 or 1 values for yes/no questions. The ranking ques-
tions stored the response as numbers. If the answer to a survey question is enumerative, the 
answer was stored as an index of the corresponding answer. We selected four parameters 
that the survey participants indicated (age, gender, education, and employment) as target 
classifications to test the proposed algorithms.
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2.1	 Selection of classification indices

Our goal was to create a classifier which would be able to recognize customers by the least number 
of parameters. The ideal state is that the customer is classified without even knowing about it – 
we do not want the customer to fill out any survey forms. The survey data items were therefore 
filtered out from the information that is undetectable without asking the customer directly.

Most customers use their credit cards or some kind of store membership/discount card.
We can track and connect the shopping sessions of these customers and gather information 

such as the frequency of shopping, the time when a customer visits the shop most, the amount 
of money spent, and the type of goods bought. This information was gathered from a survey 
but it can also be gathered from the company‘s accounts.

To satisfy our goal we selected the following customer parameters from this survey data:
•	 What days do you usually do your shopping for meat products? (8 options)
•	 What time do you usually go shopping for meat products on weekdays and what time on 

weekends? (10 options)
•	 How often do you usually buy meat products? (15 options)
•	 What type of payment do you usually use when shopping for meat products? (3 options)
•	 Frequency of purchasing selected meat products classes (68 options).

The resulting vector describing a  customer had 104 indices. Table 1 shows classification 
criteria and their number of classes.

2.2	 Pre-processing of training data

To select a training set of data for classifiers, a 1NN search was executed. Only instances of 
survey responses with the same class label as their nearest neighbour were selected to enter 
the training set. The training set size was from 1/3 to 1/2 of the original dataset after this pre- 
processing step.

Response values for enumerative questions were converted into binary indicators by crea-
ting a new column for each possible response. That column contained the value 1 if the survey 
participant selected that option or the value 0 if he/she did not.

2.3	 Used methods

Classifier configurations were selected based on prior experiments and related literature. No 
extensive hyperparameter tuning was conducted due to computational constraints. For each 
method, a simple train-test split (approximately 70/30) was used without stratification. This 
setup was intended to simulate realistic classification performance in a CRM context.

Since the Multi-Layer Perceptron (MLP) network is often used for traditional classification 
tasks (Skorpil and Stastny, 2006 and 2009), we will include a basic implementation of this 
network as one of proposed classifiers.

Tab. 1	 Number of classes

Classification criteria Number of classes

Age 6

Gender 2

Education 5

Employment status 8
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The Kohonen neural network (or Self-organizing map) by Kohonen (1982) will be used as 
the second type of the classifier. As for the given task we expect that it will perform adequately 
as the nature of the input data is a vector of indices and this network can naturally cluster 
such a kind of input (Konecny et al., 2010).

Another type of the classifier will be created using genetic programming introduced by Koza 
(1992), namely the grammatical evolution approach will be used. The performance of these 
classifiers depends heavily on the given grammar which is used to build a short computer 
program. That program is used as the classifier in the final phase.

Grammatical evolution is an optimization process which can be used to develop short 
computer programs. It is an evolutionary algorithm. These algorithms are inspired by the 
process of the evolution in nature (Mitchell, 1999; Goldberg, 2002). These algorithms work 
in an iterative manner with a population of individuals where each individual represents 
a candidate solution to the problem (see Fig. 1).

Grammatical evolution uses context free grammar G = {N, T, P, S} to translate a sequence 
of numbers (chromosome) into a computer program (Ryan and O’Neill, 2003). The grammar 
consists of these components: N is a set of non-terminal symbols, T is a set of terminal symbols, 
P is a set of production rules and S is the starting symbol from N set (Hopcroft and Ullman, 
1969). We used backward processing modification of chromosome translation in our gram-
matical evolution framework proposed by Popelka and Stastny (2011).

The grammar we used for this classification task is the same as in Lysek and Stastny (2013). 
The grammar can create classifier programs with multiple output values using the semicolon 
node, (Lysek and Stastny, 2019).

Fig. 1:	 Genetic algorithm visual representation



55

Analyzing consumer behavior using neural networks and grammatical evolution

Aleš Ďurčanský, Kamil Staněk, Michal Ježek, Jiří Šťastný

The purpose of the program created by grammatical evolution is not restricted. The process 
is guided by a fitness value which describes the performance of the evolved program for the 
given task. The fitness value of the member M is calculated according to the formula (1).

(1)

(2)

(3)

(4)

The given formula calculates the classification success rate in the first part. The SR value (4) 
is an average of success rates for each class i of CC classes. The second part encourages the 
classifier to be able to classify all classes as the variable selection of rewriting rules from the 
grammar allows an omission of some output values. Value RC is the number of classes that 
the classifier is capable of recognizing. These formulas were proposed for classification tasks 
in Lysek and Stastny (2019). Weights w1 and w2 distribute the importance of those two parts 
according to the number of classes.

3	 RESULTS

We present the result and setup of selected artificial intelligence methods.

3.1	 MLP network

A three layer (104 – 10 – N) MLP neural network was used. Back-propagation was used as 
the training algorithm for 100 iterations. The number of output neurons N was set according 
to the number of classes of the classification task. An output vector was M-dimensional for 
each task and each class was associated with one basis vector of M-dimensional space. Each 
basis vector was associated with one class. The classification result was a basis vector (it is an 
associated class label) closest to the neural network output for the given input. A Euclidean 
distance formula was used to calculate the distances of vectors. The result can be seen in the 
Table 2.

3.2	 Kohonen network

The Kohonen network was trained on pre-processed training data. Two variants were tested. 
One with 64 output neurons and one with 25 output neurons. The training algorithm was 
executed for 200 iterations. The labelling of output neurons was done by measuring the most 
frequent class label for each neuron on training data. We used a square grid and corresponding 
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neighbourhood function for weight updates. A higher number of output neurons gives the 
network the ability to create a finer clustering and improves the classification quality. Tables 3 
and 4 show the results.

3.3	 Grammatical evolution

Result of grammatical evolution algorithm is shown in the Table 5.
The parameters of the grammatical evolution process are stated in the following list.
•	 Length of chromosome: 80.
•	 Number of iterations: 1000.
•	 Population size: 200.
•	 Mutation rate: 10%.
•	 Crossover rate: 90%.

Tab. 2	 Results of classification using MLP network with 25 output neurons

Results of classification Training data performance [%] Testing data performance [%]

Age 6.03 19.07

Gender 31.78 39.30

Education 54.83 41.08

Employment status 35.50 36.02

Tab. 4	 Results of classification using Kohonen network with 64 output neurons

Results of classification Training data performance [%] Testing data performance [%]

Age 58.62 31.76

Gender 72.73 62.46

Education 63.87 42.67

Employment status 70.15 52.17

Tab. 3	 Results of classification using Kohonen network with 25 output neurons

Results of classification Training data performance [%] Testing data performance [%]

Age 47.98 30.52

Gender 69.72 60.60

Education 59.35 42.05

Employment status 64.32 48.53

Tab. 5	 Results of classification using classifier evolved by grammatical evolution

Results of classification Training data performance [%] Testing data performance [%]

Age 37.93 17.83

Gender 56.02 54.30

Education 41.07 25.55

Employment status 50.60 33.62
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4	 DISCUSSION

The classification results are rather average. The reasons are many, the most significant 
reason would probably be that customers often act randomly and it is not really possible 
to gain better results from classification methods that work on the basis of finding patterns. 
Nevertheless, the presented Kohonen neural network is capable of quite a good classification 
performance on the given data.

The advantage of the Kohonen network is that it has the capability to create custom clus-
ters by grouping similar input patterns. We can observe that with a rising number of output 
neurons the performance of classification grows as well. This fact indicates that the data 
contains more interesting information about the customer’s patterns of behaviour but we do 
not have class labels for such a fine clustering.

The Grammatical evolution approach would perform better if we let the evolutionary 
process use longer chromosomes. The Classifier program using a chromosome of length 80 
cannot be able to use all input terminals because the input vector has high dimensionality. 
On the other hand, a  longer chromosome would increase the number of possible program 
forms and therefore the duration of the search for an optimal solution would increase signi-
ficantly. We would prefer grammatical evolution for the classification of input vectors with 
significantly lower dimensionality.

Generally, the worst classification results are for the age classification and we think that age 
is not the main parameter that defines customer behaviour in the food market. In our opinion, 
the main parameter is the amount of money the customer is willing to spend and that is given 
by his/her education and employment status. Both of these characteristics showed a higher 
classification success rate. Also, the customer‘s gender can be determined with quite a high 
success rate.

5	 CONCLUSION

A predictive customer behaviour analysis is a highly demanding activity not only financially 
but also in terms of time. Simplifying this analysis by using easily discoverable classifiers 
appears to be a possible solution.

By conducting research on classification methods using neural networks and genetic 
programming, their effectiveness in solving a consumer behaviour analysis is demonstrated. 
The research has shown that the methods were chosen correctly and thus the most appro-
priate classification method for this analysis can be derived. The use of the Kohonen network 
shows the most accurate results among the studied classification methods for broad-spectrum 
classifiers. The expectation of the best-performing solution when using the MLP network 
as a classification method was found to be insufficient in the setting used. However, even 
when using a  Kohonen network, it is still very difficult to deliver an accurate analysis of 
customer behaviour approaching at least an 80 % success rate.

Although we performed the analysis correctly, we were limited by the performance of the 
specific classifiers used. Their independent potential does not allow for substantial progress 
in the analysis, but external influences, not mentioned in this paper, are the cause.

Further research on a better-performing solution should focus on refining the selection 
of specific classifiers. There also appears to be great potential in using a close correlation 
of at most two to three classifiers. The results of these analyses could be used, for example, 
to  support managerial decision-making. From a  practical perspective, the Kohonen 
network, due to its clustering capability and relatively robust performance, is a  promi-
sing method for integration into CRM tools that aim to profile customers without direct 
engagement. This has implications for automated marketing strategies, loyalty systems, or 
dynamic pricing mechanisms.
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