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Abstract: Retail companies operate with a private label assortment of 40–45% of their total
assortment, which has led to a significant growth of private labels in recent years in their countries of
origin; however, when retail companies decide to internationalize, it is important to know which
macroeconomic indicators are more relevant when entering a new country or continent. For that
reason, in this study we have as a main objective to establish which are the most transcendental
macroeconomic variables for the volume and value of the private label. For this purpose, we have
analyzed a total of 1400 samples, creating an artificial neural network (ANN). The results show that
the most important macroeconomic indicator that must be taken into consideration above other
macroeconomic indicators for retail companies to be successful within a country is the per capita
debt. In addition, we have considered in this research that unemployment is not the most important
primary indicator for the volume of the private label.
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1. Introduction

For retail distribution, private labels have been the fundamental basis on which to base strategies
essential to sustainable growth [1,2], with different lines of study emerging within the literature [3–8].
However, increasingly these studies are moving towards a methodology based on statistics as a starting
point [9]; thus, proliferating studies based on data mining to manage large volumes of data [10–14]
with artificial neural networks are an increasingly more commonly used methodology [15].

Artificial Neural Networks (ANN) are information processing systems whose structure and
operation are inspired by biological neural networks [16]. These networks are usually a supervised
learning algorithm so that the ANNs themselves adjust their own architecture and parameters in order
to minimize the error functions that indicate the degree of adjustment of the data studied [17]. Over the
last decades, Artificial Neural Networks (ANN) have received a particular interest as a technology
for data mining, since they offer the means to model effectively and efficiently large and complex
problems [17]. In this regard, numerous articles rely on this technology to predict or establish results
that assist in business decision making [18–24].

At present, there is little work being done on ANN models to estimate the importance of
macroeconomic variables [25] for distribution, and virtually no research focuses on private labels,
which is a tool used by retailers to overcome the marginal problems inherent in the distribution of
manufacturers’ brands [26], and which has been an essential tool for retailers in recent years [27].
Therefore, research is needed to determine, for different organizations, which are the most important
macroeconomic variables when implementing private labels in a given country, which is our main
objective in this study.
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For the development of the study we will follow the following structure: after this introduction
we will justify the selected macroeconomic variables. In Section 3, we will explain the process we used
to collect the data, identifying the measures used for each of the variables we will study, as well as
detailing the software used for their analysis. In Section 4 we will carry out the analysis of the data
and results. Section 5 will contain the conclusions we draw from this study, together with the study
limitations and possible future research.

2. Theoretical Framework

Private labels are brands that can be manufactured by the distributor or an outside manufacturer,
managed and marketed by the distributor under the name of the brand or under the distributor’s own
brand, and that can be distributed in the brand’s own establishments or in those of other chains [28].

For consumers, the attraction of private labels has been of a quality comparable to that of national
brands at prices 10–40% lower [29], thus, in recent years it has led to an increase in the retail shelf [30],
leading to private labels representing a share of over 30% across Europe [31], and to being a strategic
tool used by retailers to increase profits.

In this sense, given the importance of the private label, it would be of great importance for
retailers and/or other organizations to know if macroeconomic indicators can be a determining factor
for the implementation of private label in various countries, thus, in this study we have followed
previous studies [32] to determine the main macro indicators with respect to private label, namely GDP,
Unemployment, Average Wage, Per Capita Debt, and Consumer Price Index. Urban Concentration
was not used in this study, because of its low impact.

2.1. GDP

The GDP measures the monetary value of the final goods and services produced by a country in
a given period, taking into account all the product generated within the borders [33]. It is one of the
most important indicators to measure the economic temperature of the country [34]; thus, it can be one
of the essential indicators to determine consumer behavior.

In this regard, some authors argue that the market share of private labels generally rises when the
economy is suffering and falls in stronger economic periods [35]. They therefore believe that GDP can
be a key factor in the adoption of private labels [36]. In response, several authors estimate that the
share of private labels will double within 10 to 11 years after the recession [37].

2.2. Unemployment

Unemployment is a mismatch in the labor market, where the supply of labor (by workers) exceeds
the demand for labor (by companies) [38].

When there are more people willing to offer their work to companies than there are jobs available,
unemployment results. This imbalance in employment causes changes in the individuals who are in
this situation, both on a mental level and on a purchasing behavior level [39]. Therefore, several studies
have taken unemployment into account when studying private labels [32,35] and several have had this
indicator as one of the main macroeconomic indicators for the economic study of a country [40,41].
For this reason, it will be one of the macroeconomic indicators used in this study for the analysis of the
private label.

2.3. Consumer Price Index (CPI)

The Consumer Price Index is an instrument that measures the evolution of all the prices of goods
and services that are part of household consumption [42]. The increase in the price of certain goods
and services can lead to a consumer behavior that is more likely to opt for lower-priced products,
to which they have greater accessibility [43].

Therefore, it is an index that has been studied in relation to own brands [32,44] since own brands
are characterized by being more affordable than national brands [45].
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2.4. Average Salary

The average salary is the average amount of money a worker receives in a given country or region
over a period of time [46]. From a macroeconomic point of view, wages are a determining factor in
the health of a country’s economy [47]. Moreover, it also reflects the state of the job satisfaction of
workers [48]. For this reason, some researchers have sought relationships between the average wage
and the private label [27,49]. In this sense, it is established that the higher the average wage in the
country where the study of private labels is based, the lower its consumption and the higher the share
of national brands.

For all the above reasons, we have included the average salary in our research as one of the indices
that can be influential in the private label and that should be studied to evaluate its influence.

2.5. Debt per Capita

Per capita debt is a macroeconomic indicator that gives us the average amount that each inhabitant
of a given country should contribute to pay the total public debt [50]. With the existence or increase of
public debt and, consequently, of per capita debt, consumers may be more reluctant to buy national
brands, of a higher price, because part of their income has to go to pay taxes on public debts. Therefore,
it can be a variable that can influence the purchasing behavior of our consumer [51] and in the case of
the private label it can be an indicator that strengthens the own brand as the indicator itself increases.

Therefore, debt per capita is a macroeconomic indicator that we will incorporate in our study to
estimate its influence with respect to private labels.

3. Methodology

To study private labels, we considered necessary the study of two variables: the volume of the
market share of private labels and the value of the market share of private labels. In order to obtain
information on these variables, we contacted the Private Label Manufacturers Association (PLMA)
and its private label directory. Our study is based on data from 19 countries within the European
Union from 2008 to 2017. The variable “volume” was evaluated in physical units, representing the
sales of this product category. The variable “value” of own brands was measured in monetary units
and represents the sales of this product category. The data for GDP, unemployment, Consumer Price
Index, average wage, and per capita indicator have been extracted from the World Bank [52]. For the
analysis of the above data we have used IBM SPSS Statistics. This tool is considered the market’s
leading statistical software, designed to solve business and research problems through ad hoc analysis,
hypothesis testing, geospatial analysis, and predictive analytics, integrating artificial neural networks
as one of its main features. For common regressions we have used the statistical software R.

Neural networks used in predictive applications, such as multilayer perceptron network (MLP),
are monitored in the sense that the results predicted by the model can be compared with the known
values of the target variables [53].

The MLP transforms the inputs and outputs through some non-linear functions. The output of
the input network is determined by the activation of the output layer units as follows:

xo =

∫ ∑
h

xhwho (1)

where
∫

() is the activation function, xh is hidden layer node activation, and who is the interconnection
between the hidden layer node and the output layer node. For example, the MLP function can be seen
in Figure 1 [54]:
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Figure 1. The multilayer perceptron network (MLP) function.

Finally, indicate that the hyperparameters selected to train the artificial neural networks have been
in both cases (for both Volume and Value) the following: the same five independent variables as input
with tanh activation function, a hidden layer with which we obtained better results than with others,
and an output layer that as it was quantitative had as activation function the identity. In both cases,
the selected error function has been the sum of squares the type of training chosen has been the batch,
the optimization algorithm has been Scaled conjugate gradient, and the initial Lambda = 0.0000005.

4. Results

Multilayer Perceptron (MLP) generates a predictive model for one or more dependent (target)
variables based on the values of the predictor variables. In this sense we have performed two analyses,
the first one for the “volume” and a second analysis for the “value” of the private label.

4.1. Volume

In Table 1, we see the distribution that has been made to divide the entire sample into two data
sets, one used to train the perceptron and the other to test its predictive ability since we have data on
what the network should return.

Table 1. Case allocation summary for Volume.

Percentage

Sample
Training 73.2%

Test 26.8%

Valid 100.0%

In Table 2, we summarize the most relevant characteristics of the network used. In this sense, we
can observe that for the volume (dependent variable), we have used five macroeconomic variables
(GDP, Average Wage, Debt per Capita, Unemployment, and CPI) that will serve as predictors.

Table 2. Description of the network Volume. CPI: Consumer Price Index.

Covariates

1 GDP

2 AverageSalary

3 PerCapitaDebt

4 Unemployment

5 CPI
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Table 2. Cont.

Input Parameter Values

Number of Units 1 5

Change of Scale Method for Covariates Standardized

Number of Hidden Layers 1

Number of Units in the Hidden Layer 1 2 3

Activation Function Tanh

Dependent Variables 1 VolumenMD

Number of Units 1 1

Change of Scale Method for Scale Dependents Standardized

Activation Function Identity

Error Function 3 Sum of squares
1 The number of units in the input layer is the number of covariates plus the total number of factor levels; 2 Not
including the unit of bias; 3 A sum of squares error is reported since the dependent variables are of the type scale.

To finish defining the network, we have to specify the activation functions of each layer. The activation
function “relates” the weighted sum of units in a layer to the values of units in the correct layer.
The Activation function of the output layer used is the Identity. This function has the following form:
γ(c) = c. It takes real value arguments and returns them unchanged. When automatic architecture
selection is used, this is the Activation function for the output layer units if there are dependent
variables measured in scale. Furthermore, for the input, the Hyperbolic Tangent has been used.
This function has the following form: γ(c) = tanh(c) = (ec

− e−c)/(ec + e−c). It takes real value arguments
and transforms them into the range (−1, 1).

The input layer contains the predictors. The hidden layer contains unobservable nodes (or units).
The value of each hidden unit is a function of the predictors; the exact form of the function depends,
on the one hand, on the type of network and, on the other hand, on user-controllable specifications.
The output layer contains the answers. Again, the exact form of the function depends, on the one hand,
on the type of network and, on the other hand, on user-controllable specifications.

In Figure 2, we can observe the definitive structure of the artificial neural network architecture.
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Once trained, in Figure 3 we can view how the independent variables influence the dependent
variables and their importance. The importance of an independent variable is a measure of how much
the value predicted by the network model changes for different values of the independent variable [55].
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Normalized or standardized importance is the result of the importance values divided by the values of
the major importance and expressed as percentages [56]. In this case we have that for the volume of
the private label the network reports an importance of the following independent variables: for the
GDP the importance is 13.5%, the average salary 23.5%, the Per Capita Debt 25.6%, the Unemployment
64.8%, and finally for the Consumer Price Index an importance of 20.8%.
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Finally, it is necessary to evaluate the adjustment of the neural network, which we can see in
Table 3.

Table 3. Adjustment of the neural network Volume.

Summary of the Model

Training

Sum of Squares Error 1 29.172

Relative Error 2 0.408

Stop Rule Used 1 consecutive step(s) without
decreasing the error 3

Training Time 0:00:00.04

Test
Sum of Squares Error 1 9.377

Relative Error 2 0.451

Dependent variable: Volume
1 A sum of squares error is shown, since the output layer has scale dependent variables. This is the error function
that the network tries to minimize during training; 2 The relative error of each scale dependent variable is the
quotient between the sum of the quadratic errors of the dependent variable and the sum of the quadratic errors of
the "null" model, in which the mean value of the dependent variable is used as the predicted value for all cases; 3

Not including the unit of bias.

In order to check if this adjustment is good or bad, we have made a regression with the same
variables and the results obtained can be contrasted in Figure 4.

After performing the regression we corroborate that the most appropriate method is the ANNs
since the RMSE of the regression is 8.842, as we can see in Figure 4, while for the artificial neural
network in the worst case we have an RMSE of 8.75, which we managed to lower to 3.062 in the case of
the test set, coinciding in addition with a wide number of cases in the literature [57–60].
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4.2. Value

As in Table 1, in Table 4 we observe the distribution that has been made to divide the entire sample
into two data sets; one used to train the perceptron and the other to test its predictive ability.

Table 4. Case allocation summary for Value.

Percentage

Sample Training 70.2%

Test 29.8%

Valid 100.0%

In Table 5, we can observe the parameters of the artificial neural network for the variable value of
the own brand; in this sense we have not altered the parameters to be homogeneous with the “volume”
and proceed to its correct comparison.

Table 5. Description of the network Value.

Input Layer

Covariates

1 GDP

2 AverageSalary

3 PerCapitaDebt

4 Unemployment

5 CPI

Number of Units 1 5

Change of Scale Method for Covariates Standardized

Hidden Layer
Number of Hidden Layers 1

Number of Units in the Hidden Layer 1 2 3

Activation Function Tanh

Output Layer

Dependent Variables 1 ValorMD

Number of Units 1 1

Change of Scale Method for Scale Dependents Standardized

Activation Function Identity

Error Function 3 Sum of squares
1 The number of units in the input layer is the number of covariates plus the total number of factor levels; 2 Not
including the unit of bias; 3 A sum of squares error is reported since the dependent variables are of the type scale.
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In Figure 5 we will observe how the artificial neural network is illustrated, which has a total of
five covariates (+ the bias) whose last output is the value of the private label.
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As in the previous case, once the network is trained, we can observe the importance of the
independent variables within the network (Figure 6): for the GDP the importance is 14.0%, the average
salary has an importance of 24.4%, the Debt Per Capital 25.1%, the Unemployment 18.3%, and finally
the Consumer Price Index 18.2%.
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Table 6. Adjustment of the neural network Value.

Summary of the Model 1

Training

Sum of Squares Error 2 25.476

Relative Error 0.367

Stop Rule Used 1 consecutive step without
decreasing the error 3

Training Time 0:00:00.03

Test
Sum of Squares Error 1 9.025

Relative Error 2 0.341

Dependent variable: Value
1 A sum of squares error is shown, since the output layer has scale dependent variables. This is the error function
that the network tries to minimize during training; 2 The relative error of each scale dependent variable is the
quotient between the sum of the quadratic errors of the dependent variable and the sum of the quadratic errors of
the "null" model, in which the mean value of the dependent variable is used as the predicted value for all cases; 3

Not including the unit of bias.

As in the previous case, in order to check if this adjustment is good or bad, we have made a
regression with the same variables and the results obtained can be contrasted in Figure 7.Appl. Sci. 2020, 10, x FOR PEER REVIEW 10 of 14 
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As for the value, the same as volume happens, the RMSE of the regression is 7.334, while in the
worst case we have an RMSE in the ANN of 5.047, reaching only 3.004 in the best case.

5. Results and Conclusions

It is important for the various retail organizations operating with a private label assortment of
40–45% of their total private label assortment [61] to know which macroeconomic indicators are most
important when entering a new country. In this research, Europe was taken as the main study sample,
since it is the continent that has grown its private label the most and can be a reference to be able
to promote private labels in other locations. It has been discovered which are the most influential
macroeconomic indicators at the time of implementing private labels.

In this sense, for the “volume” of the own brand we have obtained the following data: the GDP
has an importance of 13.5%, the average salary 23.5%, the Debt Per Capital 25.6%, the Unemployment
16.6%, and finally the Consumer Price Index has an importance of 20.8%. Therefore, we estimate that
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the different organizations should pay special attention to the Per Capita Debt; thus, it is likely that
when a country is highly indebted, its consumers will feel apprehensive about spending more than
usual and will tend to save in their shopping baskets, with the private brand being an alternative to
the national brand. The next indicator that organizations should set when entering a new country
is the average salary as the main macroeconomic indicator. This is because the lower the average
salary of a country’s inhabitants, the more likely it is that the private label will be sold above the
national brand. In this sense, we recommend that organizations look at the Per Capita Debt of the
country itself and subsequently at the average salary of its inhabitants when entering a new country as
the first macroeconomic option. As next options, we report the importance of the Consumer Price
Index, Unemployment, and as the last option the GDP. These last data are curious, in the sense that the
importance of Unemployment has always been determined in the literature of the private label so that
users tend to buy the private label; however, in comparison with other macroeconomic indexes, in our
study a minor importance is reported, which could be due to the fact that citizens of a country, even if
they remain unemployed, continue to receive subsidies from the state and do not modify to a great
extent their purchase patterns between national and private labels.

We have also been able to check that the error made by the neural network is much less than that
of classical regression, thus, the neural network has greater explanatory power than regression.

With respect to the “value” of the private label, we obtain data analogous to the “volume” since
the debt per capita is the macroeconomic indicator that has more relevance; in this sense it is possible
that when the country is in a high indebtedness, the consumers of the country are reluctant to buy
products with a higher quality and therefore a higher price. As a result, consumers perceive the private
label as a cheaper alternative to the national brand and one that is in line with the level of debt and
economic possibilities of the consumers. The second most relevant indicator is the average salary, thus,
the lower the average salary of the consumers, the more value they will give to the private brand as an
alternative to the national brand; this result is in line with the previous result, since the more indebted
and the smaller the average salary the consumer in the country receives, the more value the private
brand will bring to them compared to the national brand.

Therefore, we recommend that organizations that are considering entering a new country or
continent where most of their assortment is based on private labels, they should first consider the
macroeconomic indicator of the country’s Per Capita Debt, since it is a determining factor and is
above other macroeconomic indicators when it comes to private label. In this sense, if they heed these
recommendations, they may have a better chance of succeeding in implementing their organization in
the new country or continent.

As a main limitation we can say that this work should incorporate new continents to see if the
pattern in Europe is the same as in other locations; in addition, it would be interesting to raise studies
disaggregated by countries within the continents studied.
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