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Abstract: The current dynamic context, driven by technological advancement, makes entrepreneurship a 

viable solution for creating one’s own job, and also contributing to the economic development of a country. 

The objective of this research is to investigate young Europeans’ perceptions regarding the perceived 

barriers and motivations in the decision-making process of becoming entrepreneurs, and to correlate these 

factors with entrepreneurial intention. To achieve this aim, Multiple Correspondence Analysis, Binomial 

Logistic Regression, and Classification Trees were applied. The dataset used for the analysis is based on 

Eurobarometer 513 – Social Entrepreneurship and Youth. After processing it in R Studio, the final dataset 

consists of 17 variables reflecting demographic aspects, as well as perceived barriers and motivations in the 

decision to become an entrepreneur. It includes 5,411 respondents from six European countries, selected to 

highlight cultural and macroeconomic differences. Multiple Correspondence Analysis led to the 

identification of respondent profiles, while Binomial Logistic Regression and Classification Trees 

confirmed the existence of the same factors explaining entrepreneurial intention. 

Keywords: Binomial Logistic Regression, Classification Tree, Multiple Correspondence Analysis, AUC, 

Confusion matrix, Entrepreneurial Intentions  

 

 

1. Introduction 

The current dynamic context, driven by technological advancement and with significant 

effects on the labor market, makes entrepreneurship a viable solution for creating one’s own job, 

reducing unemployment, and implementing innovative ideas with a positive impact on the 

economy and society. The business environment has experienced changes with the entrepreneurial 

revolution, leading to the establishment of numerous small firms as a result of globalization, access 

to various forms of financing, and the integration of entrepreneurial education in schools.  

Thus, the youth of the 21st century are becoming the generation most predisposed to start 

their own businesses; however, it remains essential to identify the factors that motivate them to 

choose a career in entrepreneurship. 

 Understanding the importance of entrepreneurs in the economic development of a country 

has led to the objective of investigating the perceptions and attitudes of young people in Europe 
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towards entrepreneurship, applying both supervised and unsupervised learning techniques using 

the statistical programming environment R Studio.  

To achieve this goal, Multiple Correspondence Analysis was used to identify respondent 

profiles, as well as Binomial Logistic Regression to measure how much each of the original 

variables impacts young people’s desire to become entrepreneurs, and to build a classification 

model to predict the probability that an individual intends to start their own business based on their 

characteristics. 

 To validate the results obtained through Binomial Logistic Regression, a Classification 

Tree was also developed, highlighting the characteristics that play a significant role in determining 

respondents’ class membership.  

The hypothesis underlying this study is that young people’s entrepreneurial intention is 

primarily influenced by their perceptions of the barriers involved in starting a business, as well as 

by the motivations that drive them to initiate their own enterprise.  
 

2. Literature review  

Over the years, numerous studies have been published aiming to explain young people’s 

entrepreneurial intentions, considering that both perception and personal characteristics play a 

significant role in the decision to start a business. Theories have been developed suggesting that 

entrepreneurs are born with certain inherent qualities rather than developing them over time 

through learning. Studies have shown that a set of personality traits are specific to the 

entrepreneurial profile, namely self-confidence, the desire for independence, and the drive to 

implement innovative ideas (Amma & Fahad, 2013). 

Nguyen et al. (2019) identify, through their research, the factors influencing the desire of 

young people in Vietnam to become entrepreneurs, using an online questionnaire that collected 

responses from 1,600 participants aged between 18 and 24. The questionnaire covered socio-

demographic characteristics (gender, occupation, education level), attitudes towards money, the 

desire for success, entrepreneurial education and experience, perceptions of the business 

environment, and government support policies. To achieve the study’s objective, Factor Analysis 

was applied for data exploration, along with Multivariate Linear Regression. The results indicated 

a moderate level of interest in entrepreneurship among the youth, with the variable that most 

strongly impacted the intention to become an entrepreneur being the attitude towards 

entrepreneurship, followed by the desire for success and experience in the field. The variable 

contributing the least to the intention to pursue an entrepreneurial career was knowledge of 

entrepreneurship. 

Similar results were obtained by Bağış et al. (2023) in their study, which once again 

emphasizes that attitude towards entrepreneurship and the desire for success have a major 

influence on the intention to become an entrepreneur, while also highlighting other independent 

variables. The dataset used contains responses from university students in Turkey, Poland, and 
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Kosovo, collected through a questionnaire conducted in 2021. Initially, Exploratory Factor 

Analysis was applied, with a KMO coefficient value of 0.95 indicating that the analysis was 

appropriate for the available data, a finding further confirmed by Bartlett’s test of sphericity. To 

identify the best solution, Varimax rotation was used, and the decision was made to retain four 

factors, which together accounted for 67.80% of the total variance. These factors refer to 

entrepreneurial intention, attitude towards entrepreneurship, perceived behavioral control, and 

desire for success. After naming the extracted factors, Confirmatory Factor Analysis was 

performed, with model goodness-of-fit indicator showing that the factors were appropriate, and 

the analysis could be accepted. Finally, Multivariate Regression was applied, indicating that 

entrepreneurial intentions are largely explained by personal attitude as well as the perceived degree 

of behavioral control.         

 In another case study, Jena (2020) similarly highlights the significant explanatory power 

of attitude towards entrepreneurship on the intention to become an entrepreneur, but using a 

different method named PLS-SEM (Partial Least Squares Structural Equation Modeling), which 

aims to maximize the explained variance of the endogenous variable. The research was conducted 

on a sample of 509 students enrolled in a Management faculty in India, using a questionnaire to 

collect data, which were then analyzed using the R programming language. The authors’ objective 

was to determine the extent to which education, entrepreneurial attitude, and the business 

environment impact the intention to start one’s own business, as well as to study the effect of 

gender and entrepreneurial family background on the relationship between attitude and 

entrepreneurial intention. Exploratory and Confirmatory Factor Analyses were used once again, 

with Cronbach’s Alpha values indicating that the model is valid and the identified factors are 

consistent. The PLS-SEM model was evaluated through R-Squared, with the final model showing 

a goodness-of-fit of 54%, which is considered significant. The study’s results indicate a positive 

impact of entrepreneurial attitude on the intention to become an entrepreneur and highlight that 

family entrepreneurial background influences the relationship between attitude and intention, 

while gender has no impact on it. 

Positive results regarding the entrepreneurial intention of young people were also obtained 

by Bakheet (2018), whose study was conducted on a sample of 2,529 students from Oman, selected 

using cluster sampling, with descriptive statistics performed using the SPSS statistical software. 

Multiple Linear Regression was applied again, along with similar explanato ry variables such as 

demographic aspects, exposure to entrepreneurship, and culture, but also variables not considered 

in other studies, reflecting family support as well as perceptions of the motives and barriers to 

starting a business. The study’s conclusions highlight that students’ attitudes towards 

entrepreneurship are significantly influenced by perceived motives, family support, and the 

cultural environment they come from, while entrepreneurial experience has a lesser impact.  

Another study highlighting the impact of cultural differences on opinions about 

entrepreneurship was conducted by Belas et al. (2019). This study is based on responses collected 

through an online questionnaire targeting students, conducted in 2017, involving 408 respondents 

from the Czech Republic and 568 from Slovakia. The research methodology employed was the 

Classification and Regression Tree (CART) because it yielded the best results among the decision 
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tree methods explored, achieving an accurate classification rate of 71% for young people intending 

to become entrepreneurs. The results show that Czech students are more influenced by state 

support, macroeconomic conditions, the quality of the business env ironment, and university 

education, whereas Slovak students’ entrepreneurial intentions are primarily justified by 

possessing the necessary personal skills and are also influenced by the image of entrepreneurship 

portrayed by the mass media. 

The article Entrepreneurship Development in the European Union: Challenges and 

Opportunities for Young People also highlight how cultural differences have a significant impact 

on entrepreneurial intention, showing that the challenges and opportunities influencing young 

people’s intentions to become entrepreneurs in Romania differ from those encountered across the 

European Union. The research involves descriptive analyses and the application of Binomial 

Logistic Regression on Eurobarometer 513 – Social Entrepreneurship and Youth, a dataset 

containing responses from 25,984 young people from the European Union, processed using SPSS. 

For Romanian participants, the personal motives for engaging in entrepreneurial activities 

primarily focus on financial aspects, whereas respondents from the EU are motivated by the 

satisfaction derived from implementing their desired business ideas. Regarding perceived barriers, 

Romanian youth consider the lack of entrepreneurial knowledge and skills as the main obstacle, 

while those from the EU are more affected by financial impediments such as lack of capital and 

associated risks. Regarding funding sources used to start their own business, respondents from 

both groups behave similarly, relying on personal savings, bank loans, and support from family 

and friends. Lastly, at the Romanian level, the main factors explaining entrepreneurial intention, 

according to the Binomial Logistic Regression results are support provided to the region or country 

and job creation. At the EU level, all variables considered in the model are significant, including 

social aspects, the desire to become wealthy, and the drive to implement innovative ideas. The 

study emphasizes how perceptions of entrepreneurship vary from country to country depending on 

national culture, economic and social development levels, as well as geopolitical situations 

(Boldureanu et al., 2024). 

 

3. Methodology 

3.1 Methods 

Multiple Correspondence Analysis 

Multiple Correspondence Analysis (MCA) is an unsupervised learning algorithm used to 

visualize associations between variables. It is often applied in the context of survey data, where 

each question is treated as a variable (Greenacre, 2010).  

This method extends Correspondence Analysis (CA) by allowing the use of categorical 

variables and is frequently considered a generalization of Principal Component Analysis, but for 

nominal (non-numeric) data (Abdi & Valentin, 2007). 
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MCA is obtained by applying Correspondence Analysis to a matrix known as the Indicator 

Matrix, which contains only binary values (0 or 1). This matrix is constructed from the nominal 

variables in the dataset, where each variable may have multiple categories, each category being 

binary-coded and associated with one column in the matrix (Abdi & Valentin, 2007). 

Assuming there are I observations and K nominal variables, each with Jk levels, and the 

total number of categories is J, the resulting I x J matrix determines the Indicator Matrix, denoted 

as X (Abdi & Valentin, 2007). 

From matrix X, the Burt matrix (𝐵 =  𝑋𝑡𝑋),) can be computed. Applying Correspondence 

Analysis on the Burt matrix produces the same factors as applying CA directly on the Indicator 

Matrix X (Abdi & Valentin, 2007). 

Interpretation of MCA results is based on a map illustrating the associations between 

variables categories. Proximity between categories of different variables indicates a tendency for 

these categories to co-occur frequently across observations. On the other hand, proximity between 

categories of the same variable suggests similarity among the associated observation groups (Abdi 

& Valentin, 2007). 

 

Binomial Logistic Regression 

Logistic Regression is a type of Generalized Linear Model, representing an extension of 

Linear Regression, as it allows modeling relationships between variables when the dependent 

variable is not continuous (Starbuck, 2023).  

Logistic Regression is a statistical model in which the dependent variable is binary (i.e., it 

can take only two values), while the independent variables may be either numerical or categorical 

(Domínguez et al., 2011). Its main purpose is to model the probability that an observation belongs 

to a particular class, based on its characteristics, a method commonly referred to as classification 
(Starbuck, 2023). 

 

Model Construction 

Assuming initially a univariate model, Logistic Regression consists of the following 

components: 

Y: the binary dependent variable, which takes the value 0 when the event does not occur 

and 1 when the event is present. 

𝑋1: the independent variable, which can be either quantitative or qualitative. 

The objective is to identify the proportion (p) of individuals exhibiting a certain 

characteristic, based on the explanatory variable 𝑋1. In the case of Linear Regression, the goal is 

to use the available dataset to estimate the coefficients 𝛽0 și 𝛽1  of equation 3.1.1: 

 

                                                      𝑝 =  𝛽0  +  𝛽1𝑋1                                                (3.1.1) 
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Equation 3.1.1 leads to absurd results, given that p takes values within the interval [0,1], 

while the regression model assumes that p follows a normal distribution, and therefore it should 
take values within the interval (−∞, +∞). 

To avoid this issue, a link function, denoted as  𝑓(𝑝) is defined to take values between −∞ 

and +∞. 

                                                            𝑓(𝑝) =  𝛽0  +  𝛽1𝑋1 + 𝑒                                           (3.1.2) 

where e is referred to as the model residual, meaning the variability that is not explained by the 
model. 

In practice, however, a logit transformation is used, as shown in equation 3.1.2: 

          𝑓(𝑝) = ln
𝑝

1−𝑝
                                                       (3.1.3) 

With this transformation, the logistic model becomes: 

                                      𝑦 = 𝑙𝑜𝑔𝑖𝑡(𝑝) = ln
𝑝

1−𝑝
=  𝛽0  +  𝛽1 𝑋1 + 𝑒                                (3.1.4) 

For the multivariate case, where there are k independent variables (𝑋1, 𝑋2, …  𝑋𝑘), expression 
3.1.4 becomes:  

                    𝑦 = 𝑙𝑜𝑔𝑖𝑡(𝑝) = ln
𝑝

1−𝑝
=  𝛽0  +  𝛽1𝑋1 +  𝛽2𝑋2 + ⋯ 𝛽𝑘𝑋𝑘 +  𝑒                   (3.1.5) 

This can be expressed in terms of probability as follows: 

                                                  𝑝 =
1

1+𝑒−(𝛽0 + 𝛽1𝑋1+ 𝛽2𝑋2+⋯ 𝛽𝑘𝑋𝑘 )                                      (3.1.6) 

The exponentials of the coefficients 𝛽𝑖  are interpreted as the odds ratios (OR) of the event 

occurring with changes in the corresponding independent variables. Logistic Regression thus 

allows analyzing how one or more variables impact the likelihood of an event occurring 

(Domínguez S., et al, 2011).      

 

Classification Trees 

Decision trees are a supervised learning technique used to solve classification problems. 

This method relies on a training set whose features are recursively split, with each resulting 

partition assigned a label. The resulting tree is then used to classify new observations (Bertsimas 

& Dunn, 2017). An advantage of decision trees is their intuitive visualization, making them easy 

to interpret and applicable across many fields. Additionally, there are no restrictions on the types 

of variables used; both categorical and numerical variables can be utilized (Georgescu, 2022). 
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Building a decision tree is based on an inductive process, starting with a root node 

containing all objects of interest, each described by a set of known features and known class 

membership. Classification begins at the root node and recursively applies a series of tests, each 

addressing a single question related to the previous one. After applying a test, the set is split into 

subsets, and based on their size, a decision is made whether the resulting nodes are terminal (leaf 

nodes) or if a new feature is chosen to further split the data (Matei, 2024). 

 

Problem formalization                          

Given a training set (𝑋𝑖 , 𝑌𝑖), containing n observations (𝑥𝑖 ,𝑦𝑖), 𝑖 = 1, … 𝑛, each with p 

features, such that 𝑥𝑖  𝜖 𝑅𝑝, and the associated label 𝑦𝑖 𝜖 {1, … 𝐾} indicating to which of the K 

possible classes the object 𝑥𝑖 belongs.  Assuming that the variable values in the training set are 

normalized within the interval  (0, 1), entities satisfy 𝑥𝑖 𝜖 [0, 1]𝑝 (Bertsimas & Dunn, 2017). 

Decision trees recursively split the normalized feature space based on logical conditions, 

creating a hierarchical structure of objects known as a Classification Tree (Bertsimas & Dunn, 

2017). 

Objects are classified by traversing the hierarchy from top to bottom, with each step in the 

partitioning process aiming to identify the feature that minimizes the node impurity (Bertsimas & 

Dunn, 2017). 

The branching of the tree continues until the leaf nodes become pure (homogeneous), or 

nearly pure. However, the splitting process may be stopped when one of the tests performed 

reduces the impurity of a node by a value smaller than the complexity parameter (cp), which serves 

as a threshold in making this decision (Matei, 2024).  

 

3.2 Exploratory Data Analysis 

The dataset considered was obtained from the GESIS Research Institute website and was 

collected in 2022. It includes 27 European Union countries, 255 variables, and 25,984 respondents 

aged between 15 and 30 years. In order to achieve the purpose of this study, I selected six of these 

countries namely Romania, Greece, Italy, Portugal, Denmark, and Austria, to capture how both 

cultural and macroeconomic differences impact the intention to become an entrepreneur. 

Ultimately, 17 categorical variables were retained in the analysis, targeting both demographic 

factors and aspects related to young people’s perceptions of the barriers and motivations that might 

influence their decision to pursue an entrepreneurial career, as shown in Table 1. After redefining 

the categories and eliminating missing values, the final dataset includes 5,411 observations . 

Data processing and analyses were carried out using the R Studio environment, which 

facilitates quick data import from various sources and provides a wide range of libraries for 

applying machine learning techniques and visualizing results in graphical or tabular form. 
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Table 1 Definition of Variables 

Variable 

Type 

Question from 

Questionnaire 

Defined 

Variable 
Category 

Absolute 

Frequency 

Dependent 

Variable 

Q3. If you could choose 
between different types 

of jobs, what would you 

prefer to be? 

Desired job 

Employee 2789 

Self-employed 2622 

Demographic 

Aspects 

D3b. What nationality or 

nationalities do you 
have? 

Country 

Austria 905 

Denmark 886 

Greece 923 

Italy 889 

Portugal 882 

Romania 926 

D1. How old are you? Age 

15-20 years 1607 

21-25 years 1859 

26-30 years 1945 

D2. Which of the 

following best describes 

the gender you identify 
with? 

Gender 

Male 2619 

Female 2792 

DX1. Which of the 

following best describes 

your current household 

situation? 

Marital status 
In a relationship 2755 

Single 2656 

Knowledge 
Possessed 

Q5. How familiar are 

you with the following 
topic?                                

- Entrepreneurship 

Entrepreneurial 
knowledge 

Yes 2875 

No 2536 

Perceived 

Barriers 

Q9. What do you think are the reasons why young people (15–30 years old) are 

prevented from becoming entrepreneurs? 

Q9.5 Financial risks Financial risk 
No 3374 

Yes 2037 

Q9.9 Concerns about 
workload, working 

hours and/or 

responsibilities 
 

Fear of 
responsibilities 

No 4662 

Yes 749 

No 4382 



Georgiana-Oana Voineag  

 

   

 

Q9.10 Unfavorable 
economic climate 

Unfavorable 
economic 

climate 

Yes 1029 

Perceived 

Motivations 

Q8. What do you think are the reasons why young people (15–30 years old) decide 

to start their own business? 

Q8.5 Possibility of 

earning a higher income 

Expected 

income 

No 3806 

Yes 1605 

Q8.6 Positive impact on 

society 
Social impact 

No 4767 

Yes 644 

Q8.10 Continuing a 

family career 

Following 

family career  

No 4679 

Yes 732 

Q11. If you were to start your own business, which of the following goals would be 

most important to you? 

Q11.3 To create my own 

job 
Job creation 

No 3825 

Yes 1586 

Q11.4 To follow my 

passion/interest 

Following 

passion 

No 2909 

Yes 2502 

Q11.7 To implement 
innovative ideas 

Implementing 
innovative 

ideas 

No 4035 

Yes 1376 

Funding 

Sources 

Q13. If you were to start your own business, where would you get your initial 

funding from? 

Q13.1 From your own 
savings 

Personal 
savings 

No 3368 

Yes 2043 

Q13.3 From banks Bank loan 
No 3660 

Yes 1751 

Source: Author’s representation in Excel  

 

Table 2 Chi-Square Test Results 

Variable Chi-Square p-value 

Country 165.529 0.000 

EntrepreneurialKnowledge 78.334 0.000 

Age 119.189 0.000 

Gender 20.615 0.000 

MaritalStatus 18.706 0.000 

FinancialRisk 6.545 0.011 

FearOfResponsibilities 23.422 0.000 

UnfavorableEconomicClimate 1.408 0.235 

CreateOwnJob 8.219 0.004 
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FollowPassion 1.73 0.188 

ExpectedIncome 31.851 0.000 

SocialImpact 0.002 0.962 

FamilyCareerPath 0.031 0.861 

ImplementInnovativeIdeas 6.474 0.011 

PersonalSavings 20.417 0.000 

BankLoan 6.539 0.011 

Source: Author’s representation in Excel  

To test the association between the independent variables and the dependent variable, the 

Chi-square test was applied. For most variables, the p-value is below the 0.05 threshold, indicating 

that the alternative hypothesis is accepted, meaning there is a significant association between the 

variables considered and the entrepreneurial intention. For the characteristics reflecting passion 

pursuit, social impact, economic climate, and following a family career, the null hypothesis is 

accepted, indicating no association with the intention to become an entrepreneur. Nevertheless, 

these variables were retained in the analysis to examine their effects within the regression and 

decision tree models. 

3.2.1. Multiple Correspondence Analysis 

The application of Multiple Correspondence Analysis (MCA) allows the identification of 

profiles of entrepreneurs and employees through association maps of the categories of variables 

considered in the analysis. Given the large number of characteristics used, these were divided into 

three categories: demographic and financial variables, variables reflecting perceptions of barriers, 

and variables representing perceptions of motives. Separate maps were created for each category. 
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Figure 1 Multiple Correspondence Analysis of Demographic and Financial Factors

 

Source: Author’s representation in R Studio  

 

The association map between the categories of demographic variables and those within the 

financial domain is presented in Figure 1. According to this, young individuals in Greece present 

the highest intention to become entrepreneurs, perceiving themselves as possessing the necessary 

entrepreneurial knowledge. It is important to highlight that they would neither rely on bank loans 

nor on personal savings in order to pursue self-employment. Regarding young people from Austria, 

Italy, and Denmark, they tend to prefer employee status and believe they lack the requisite 

knowledge; however, if they were to establish a business, they would utilize both external and 

internal sources of financing. Romania is positioned around the average concerning 

entrepreneurial intention, with its proximity to the coordinate axes indicating behavior 

characteristic of the majority. 

It can be observed that the intention to become an entrepreneur is influenced by both gender 

and age. Specifically, male respondents under the age of 25 are closer to the entrepreneurial 

category, whereas female respondents aged 26-30 align more closely with the employee category. 
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Figure 2 Multiple Correspondence Analysis of Perceived Barriers 

 

Source: Author’s representation in R Studio  

 

Figure 2 illustrates the association between the categories related to perceived barriers 

reported by respondents in their decision-making process to become entrepreneurs. Regarding the 

entrepreneur category, these individuals do not fear responsibilities, with Po rtugal and Greece 

being the countries closest to this group, despite young people perceiving exposure to an 

unfavorable economic climate. As for respondents who prefer to be employees, they do not 

perceive the existence of an unfavorable economic climate, with Austria being the country most 

closely associated with this category. It can also be observed that young people in Romania fear 

responsibilities, whereas those in Italy do not perceive the financial risks involved.  
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Figure 3 Multiple Correspondence Analysis of Perceived Motivations

 

Source: Author’s representation in R Studio  

 

Regarding the reasons why young people would wish to become entrepreneurs, these are 

depicted in the association map in Figure 3. Thus, young individuals from Portugal primarily cite 

the implementation of innovative ideas and expected income as their main motivations, while 

social impact and pursuing a passion are less influential. Additionally, they tend to follow the 

career paths of family members, which helps explain why they would not resort to external sources 

of financing, as indicated in Figure 1. Conversely, young people in Romania express the desire to 

become entrepreneurs mainly to create their own employment opportunities, whereas respondents 

from Austria and Italy are neither motivated by potential income nor by pursuing personal 

passions. 
 

4. Results 

4.1 Binomial Logistic Regression        

The Binomial Logistic Regression Model uses the desire to become an entrepreneur as the 

dependent variable, represented by the binary variable Preferred Type of Employment, derived 

from the survey question Q3: "If you could choose between different types o f jobs, what would 

you prefer to be?" The defined variable includes two categories: Employee (negative class) and 

Self-employed (positive class). 
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In developing the model, all 17 variables were included, consisting of one numerical 

variable – age, and 16 categorical variables, including the variable intended to be explained.  

 
Table 3 Binomial Logistic Regression Results 

Source: Author’s representation in Excel  

 

The results obtained from the application of the Binomial Logistic Regression are 

summarized in Table 3. The most significant variables within the model that explain the desire to 

become an entrepreneur include entrepreneurial knowledge, age, fear of responsibilities, the 

motivation to create one’s own job, expected income, and perceptions of financial risk , as well as 

fear of responsibility. Nationality also plays a crucial role.  

Variabile Category Estimate 

Std. 

Error z value Pr(>|z|) Sig. OddsRatio 

(Intercept) 1.570221 0.221282 7.096023 1.284E-12 *** 4.81 

Demographic and Socio-Economic Variables 

CountryDenmark -0.2879 0.113114 -2.54525 0.0109201 * 0.75 

CountryGreece 0.484215 0.111436 4.345226 1.391E-05 *** 1.62 

CountryItaly 0.264817 0.111585 2.373241 0.0176328 * 1.30 

CountryPortugal 0.585635 0.11323 5.17207 2.315E-07 *** 1.80 

CountryRomania -0.32339 0.111107 -2.91063 0.003607 ** 0.72 

EntrepreneurialKnowledgeNo -0.42432 0.067081 -6.32557 2.523E-10 *** 0.65 

Age -0.07453 0.008183 -9.107 8.469E-20 *** 0.93 

GenderFemale -0.15052 0.065581 -2.29518 0.0217227 * 0.86 

MaritalStatusSingle 0.056504 0.066749 0.846512 0.3972673   1.06 

PersonalSavingsYes 0.277461 0.067949 4.083349 4.439E-05 *** 1.32 

BankLoanYes -0.15343 0.069021 -2.22298 0.0262171 * 0.86 

Perception of Barriers 

FinancialRiskYes -0.23553 0.069449 -3.39147 0.0006952 *** 0.79 

FearOfResponsibilitiesYes -0.42535 0.095543 -4.45186 8.513E-06 *** 0.65 

UnfavorableEconomicClimateYes -0.27807 0.085111 -3.2672 0.0010862 ** 0.76 

Perception of Motivations 

CreateOwnJobYes 0.323177 0.071547 4.517004 6.272E-06 *** 1.38 

FollowPassionYes 0.224867 0.067361 3.338234 0.0008431 *** 1.25 

ExpectedIncomeYes 0.331562 0.071842 4.615149 3.928E-06 *** 1.39 

SocialImpactYes 0.089116 0.099827 0.892706 0.3720148   1.09 

FamilyCareerPathYes -0.01466 0.094921 -0.15445 0.8772522   0.99 

ImplementInnovativeIdeasYes 0.175404 0.073816 2.376237 0.0174902 * 1.19 
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Regarding demographic factors, it can generally be observed that the desire to become an 

entrepreneur decreases as the country becomes more developed. For instance, the probability of a 

young person in Portugal becoming an entrepreneur is 80% higher than that of a young person in 

Austria, while the likelihood for a young person in Denmark is 25% lower compared to the same 

reference group. An exception to this pattern is Romania: although it is not a highly developed 

country, the probability that a young Romanian will become an entrepreneur is 28% lower than for 

a young Austrian. 

Additionally, each one-year increase in age reduces entrepreneurial intention by 7%. 

Women are 14% less likely to become entrepreneurs than men, making gender another relevant 

social factor, patterns also reflected in the exploratory data analysis, particularly in the association 

map of variable categories in Figure 1. 

With respect to financial sources, individuals who rely on personal savings are 32% more 

likely to become entrepreneurs, while those who seek bank loans show a 14% lower probability.  

As for variables related to perceived barriers, financial risk reduces entrepreneurial 

intention by 21%, while fear of responsibilities and perceptions of an unfavorable economic 

climate reduce the likelihood by 35% and 24%, respectively.  

Expected income, the desire to create one's own job, and pursuing personal passions are 

the most influential motivational variables associated with entrepreneurship, increasing the 

probability by 39%, 38%, and 25%, respectively. The implementation of innovative ideas is one 

of the least commonly cited motivations for starting a business. However, individuals who do 

report this reason are 19% more likely to become entrepreneurs than those who answered 

negatively to the corresponding survey question.  

Marital status, the desire to make a social impact, and following a family career path do 

not significantly explain entrepreneurial intention, but they were retained in the model to test 

hypotheses from previous research. 

To implement the Binomial Logistic Regression, the dataset was divided into a training set 

(80%, 4,329 observations) and a testing set (20%, 1,082 records). The regression model was 

trained using the 4,329 labeled observations, while the testing set was used to evaluate the model’s 

ability to distinguish between classes when the observations are unlabeled. Since class membership 

is unknown in the test set, the goal is to classify these instances based on their features.  

To assess the model's performance, we used the ROC Curve and a set of performance 

metrics summarized in Table 4., under subsection 4.3: Evaluation of Classification Model 

Performance. The Area Under the ROC Curve (AUC) has a value of 0.68, indicating weak 

classification performance and limited capacity to correctly distinguish between classes. 

Nevertheless, the classifier performs better than a random classifier, as confirmed by the residual 
deviance being lower than that of the null model (which includes only the intercept).  
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4.2 Classification Tree 

To validate the results obtained from the Binomial Logistic Regression, a Classification 

Tree was also constructed to address the same problem of classifying young individuals based on 

their characteristics. The initial dataset was split into training and testing sets using the same 

proportions as in the regression model - 80% for training and 20% for testing. Data replicability 
was ensured so that the two models would yield comparable results.  

 
Figure 4 Classification Tree of Respondents 

 

Source: Author’s representation in R Studio  

 

Figure 4 presents the classification tree that assigns young individuals to one of two classes: 

Employee or Self-employed, using the training set consisting of 4,329 observations. The 

interpretation of such a tree is intuitive: each node is labeled with the dominant class, and the 

associated label indicates the percentage of respondents who actually belong to the employee class, 

followed by the percentage of those in the entrepreneur class, and finally, the percentage of 

respondents in the total sample. 

The tree structure comprises five levels and five terminal nodes. By tracing the tree from 

the bottom up, one can identify the characteristics of individuals assigned to each class. 

Interpreting each terminal node from left to right reveals that 37% of all respondents were 
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classified in the employee class, these individuals being older than 23 years and originating from 

Austria, Denmark, Italy, or Romania. However, only 65% of respondents in this node actually 

belong to the employee class, while the remaining 35% are entrepreneurs. The second node 

contains 14% of the sample. These respondents are under 23 years old, come from Austria, 

Denmark, or Romania, and would not use personal savings to start a business. Only 56% are 

correctly classified as employees, while 44% actually prefer an entrepreneurial path. 

The third node is labeled Self-employed and includes respondents who would use personal 

savings to start a business, unlike the previous node. This node comprises 9% of the total sample, 

with 55% correctly classified as entrepreneurs and 45% misclassified. The tendency of young 

individuals to pursue entrepreneurship when willing to use personal savings is also confirmed by 

the logistic regression results, which show a 32% higher probability of starting a business among 

those who avoid external financing sources. 

The fourth node, also labeled Self-employed, includes respondents from Italy under the 

age of 23. Among those classified in this node, 38% are incorrectly assigned, as they would in fact 

prefer to be employees. The fifth and final node contains 34% of the sample and represents young 

people from Greece and Portugal. This finding corroborates the results of the exploratory analysis, 

as the association maps placed these two countries closest to the entrepreneur class, and aligns 

with the regression outcomes. 

It is important to emphasize that country of origin was repeatedly used as a splitting 

variable, indicating that it is a significant factor that adds predictive value to the classification 
model by enhancing accuracy in assigning individuals to the appropriate class.  

 
Figure 5 Top 5 splitting characteristics by importance 

 

Source: Author’s representation in R Studio  
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Figure 5 presents the five most important splitting features, ranked in descending order. 

The variable most frequently used in the splitting process and demonstrating significant predictive 

power in determining young individuals’ class membership is their country of origin, a finding that 

was anticipated based on the tree structure shown in Figure 4. The second most important 

characteristic is age, followed by marital status and personal savings, while gender ranks last, 

having the least importance in the classification process. These features exhibit the highest 

predictive power in identifying whether young individuals belong to the employee or entrepreneur 

classes, thus confirming the results obtained through the application of Binomial Logistic 

Regression. The resulting Classification Tree shows a modest accuracy of 0.60 but performs better 

than a random classifier. 

 

4.3 Evaluation of Classification Model Performance 

Figure 6 The Area Under the ROC Curve of the Two Classifiers 

 

Source: Author’s representation in R Studio  

 

Figure 6 illustrates the graphical representation of the ROC Curves for the two classifiers. 

Their performance is evaluated using the AUC metric, which registers a value of 0.68 for the 

Binomial Logistic Regression and 0.62 for the Classification Tree. This indica tes that, in both 

cases, the classification models exhibit poor performance, lacking the ability to accurately 



Georgiana-Oana Voineag  

 

   

 

discriminate between classes. However, from this perspective, the regression model yields better 

results, as evidenced by the graph where its ROC curve surpasses that of the Classification Tree, 

ensuring a higher true positive rate alongside a lower false positive rate. 

 
Figure 7 Confusion Matrices of the Classifiers 

 

Source: Author’s representation in Excel 

 

Figure 7 presents the confusion matrices obtained for the two classification models. A 

confusion matrix enables the calculation of metrics that evaluate the performance of the classifier. 

By summing the values from the four quadrants of the matrix, the total number of objects to be 

classified is obtained, this number matching the size of the test set, which consists of 1,082 

respondents in both cases. 

For the Binomial Logistic Regression, among the 535 respondents who indicated a 

preference for being employees, only 314 were correctly classified in the employee class (negative 

class), while the remaining 221 were incorrectly classified in the entrepreneur class. Regarding 

those who would like to become self-employed, among 547 respondents, 375 were correctly 

classified, and the remaining 172 were assigned to the employee class.  

According to the confusion matrix for the Classification Tree, 336 out of 535 respondents 

were correctly classified as employees, while 199 were erroneously classified as entrepreneurs. 

Regarding the entrepreneur class, only 312 out of 547 young respondents were correctly classified, 

with the remaining 235 misclassified as employees.  

Based on these matrices, a series of statistical indicators were computed for each 
classification model, as presented in Table 4. 
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Table 4 Performance Metrics 

Indicator Regression Classification Tree 

Accuracy  0,64 0,60 

Precision 0,63 0,61 

Sensitivity 0,69 0,57 

Specificity 0,59 0,63 

Source: Author’s representation in Excel  

 

As previously mentioned, the Area Under the ROC Curve (AUC) value of 0.68 for the 

Binomial Logistic Regression model indicates the model’s limited ability to correctly distinguish 

between classes, misclassifying young people who wish to become entrepreneurs as employees, 

or vice versa. Out of a total of 1082 respondents, only 64% were correctly classified into their 

actual classes, according to the accuracy metric. Furthermore, of all predictions made for the 

positive class, 63% were correctly classified, as indicated by the precision metric. Additionally, 

69% of respondents were correctly identified in the positive (entrepreneur) class, and 59% were 

correctly classified in the negative (employee) class, based on sensitivity and specificity metrics, 

respectively. 

Regarding the classification performance of the decision tree, it is lower compared to the 

regression model. The Area Under the ROC Curve is 0.62, highlighting a reduced capacity to 

separate the classes, with only 60% of entities correctly classified. Spec ifically, only 57% of 

respondents were correctly assigned to the positive class, while 43% were misclassified into the 

negative class despite actually belonging to the positive class. For those belonging to the employee 

class, 63% were correctly classified, while the remaining 37%, who actually belonged to the 

negative class, were incorrectly classified as positive. The precision of the decision tree for 

classifying entities in the positive class is 61%, which is lower than the precision achieved by the 
regression model. 

 

5. Discussions  

The results of this study show that the attitudes of young people in Europe towards 

entrepreneurship are influenced by multiple factors, highlighting aspects related to demographics 

as well as their perceptions regarding the barriers and motivations involved. Quantifying the 

degree to which these factors influence entrepreneurial intention achieves the purpose of the study 

and validates the initial hypotheses, while also revealing some unexpected findings.  

The decision to start a business is primarily influenced by nationality. According to both 

classification models used, the respondents’ country of origin divides them into the two categories. 

Counterintuitively, results show that the desire among young people to become entrepreneurs is 

higher in less economically developed countries such as Greece and Portugal, compared to Austria, 
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Denmark, or Italy. The preference of young people in Greece and Portugal to become entrepreneurs 

can be explained by their desire to ensure a stable income in an unfavorable economic climate 

characterized by low wages and high unemployment rates. The economic stability of developed 

countries provides young people with financial comfort that does not push them to take financial 

risks. Regarding Romania, although it is not a developed country, young people show little 

entrepreneurial initiative due to fears of the responsibilities involved, given the economic and 

political instability, high bureaucracy, and lack of support from authorities. These findings of low 

entrepreneurial intention among Romanian youth are confirmed by another study using the same 

dataset (Boldureanu et al., 2024). 

Another demographic variable that significantly explains entrepreneurial intention is age, 

while gender also shows predictive power, unlike other studies (Jena, 2020) where gender did not 

influence the desire to become an entrepreneur.  

The main barriers felt by young people include fear of responsibilities, particularly among 

respondents from Romania. Additionally, lack of entrepreneurial knowledge is another significant 

barrier preventing youth from becoming entrepreneurs, contrary to findings in other studies 

(Nguyen et al., 2019). Financial risks are a barrier especially perceived by young people in Austria 

and Denmark, while an unfavorable economic climate is mainly reported by youth in Greece and 

Portugal. 

There are numerous reasons why young people might choose an entrepreneurial career. 

Expected income is the primary motivation, especially common among young people in Greece. 

Creating their own job is the second most frequent reason for starting a business, especially among 

Romanian youth. Applying innovative ideas is one of the least frequently cited motives, mostly 

reported by young people in Portugal. Similar findings regarding the importance of these 

motivations in entrepreneurial decision-making are also found in other research (Bakheet, 2018). 

Impact on society does not appear to be a motivation for young people to become 

entrepreneurs, as they focus more on their own economic well-being rather than the general 

welfare of their community. 

According to the results, following a family career does not generally explain 

entrepreneurial intention, although young people in Portugal are the group most likely to become 

entrepreneurs by inheriting a family business. Other studies (Jena, 2020) have shown a connection 

between family entrepreneurial history and entrepreneurial intention.  

Regarding financing sources, most young people would choose personal savings, although 

some respondents would resort to bank loans.  

Differences in the statistical significance of certain variables, or the lack thereof, compared 

to other studies, can be explained by cultural differences among respondents, sample size and 

representativeness, as well as differences in analytical methods applied, which can yield varying 

results. 

Thus, two profiles emerge for the two respondent categories. The entrepreneur profile 

consists of young males aged 21 to 25 who possess entrepreneurial knowledge and are motivated 

by income, following their passion, and applying innovative ideas, while not perceiving financial 

risks. Conversely, the employee profile includes female respondents aged 26 to 30 who lack 
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entrepreneurial knowledge, have no motivation to become entrepreneurs, and perceive financial 

risks. Young people from Greece and Portugal fit the entrepreneur profile, whereas those from 

Austria, Denmark, and Italy present characteristics of those who prefer to be employees.  

To validate the factors influencing young people’s entrepreneurial intentions, two methods 

were used: Binomial Logistic Regression and Decision Tree Classification. Both models have 

different mechanisms and specific limitations. Regression assumes linear relationships among 

variables and may fail to capture complex interactions, potentially affecting results. Decision trees 

can model nonlinear relationships but are sensitive to small data variations, increasing the risk of 

overfitting and reducing generalizability. Nevertheless, results from both methods confirm the 

same key characteristics explaining entrepreneurial intention, supporting data consistency. 

Regression allows understanding of how predictors influence the outcome variable, while decision 

trees provide a visual representation that facilitates interpretation.  

Both methods yield similar classification accuracy. Regression performs better in correctly 

classifying respondents in the positive (entrepreneur) class, whereas the Decision Tree better 

classifies respondents in the negative (employee) class.  

This study contributes to the current state of knowledge in entrepreneurship research 

primarily through the dual validation of results, demonstrating analysis robustness and providing 

reliable conclusions. Another novel aspect compared to existing research  is the study of 

entrepreneurial intention across European countries selected for their different geographical 

locations and levels of development. Although entrepreneurial intention is higher in less developed 

countries such as Greece and Portugal, Romania presents a paradox, deviating from this trend, 

indicating that beyond economic development level, country-specific factors reduce interest in 

entrepreneurship. Lack of support from competent authorities, bureaucracy, taxes, and difficulty 

accessing financial resources collectively reduce entrepreneurial intentions in Romania.  

Key recommendations to address this issue include government intervention to simplify 

business start-up procedures for young people and to facilitate their access to financing. 

Additionally, fostering the idea of entrepreneurship, incorporating entrepreneu rial education in 

schools, and cultivating a culture that improves perceptions of entrepreneurship are essential. 

Starting a business not only provides individual benefits through financial comfort but also 

contributes to local economic stability by creating jobs, reducing unemployment, and generating 

tax revenues for the state budget. 

 

6. Conclusions 

This study focused on investigating the perceptions of young people in Europe regarding 

the barriers and motivations involved in the decision to become an entrepreneur, and on correlating 

these factors with entrepreneurial intention. The main objectives were to outline the profile of the 

entrepreneur through Multiple Correspondence Analysis, to identify the variables that explain the 

desire to become an entrepreneur using Binary Logistic Regression and Classification Trees, and 
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to predict the categorization of young people as either Employees or Entrepreneurs based on 

demographic characteristics and perceived barriers and motivations.  

A novel contribution of this research is the dual validation of results, demonstrating the 

consistency of the data used in the analysis, as the application of two different techniques led to 

the same conclusions regarding the factors that explain entrepreneurial intention. The findings 

reveal disparities between various European countries, showing that entrepreneurial intention 

tends to decline as the country's level of development increases. Although these results may 

initially seem unexpected, they can be explained by the lower need to take financial risks among 

respondents from more developed countries, who experience greater financial stability, and by the 

desire of young people in less developed countries to improve their living conditions, for whom 

entrepreneurship is seen not only as an opportunity but also as a necessity.  

From the perspective of practical relevance, the results can support competent authorities 

in identifying respondent groups with lower entrepreneurial intention, and based on the perceived 

barriers, in implementing targeted measures to help overcome them. The inclusion of a rarely 

studied age group in entrepreneurship research, young people aged 15 to 20, allowed the 

identification of factors specific to this category and the possibility of early implementation of 

initiatives that promote entrepreneurship and positively shape their perceptions from a young age. 

Despite providing valuable insights into young people's attitudes toward entrepreneurship, 

the study has certain limitations, stemming from the structure of the questionnaire, which primarily 

contains perception- and demographic-related questions, without including psychological 

variables such as personality traits, which could have helped further explain entrepreneurial 

intention.  

As a direction for future research, incorporating variables that reflect personality traits 

could significantly enhance the entrepreneurial profile and potentially improve the accuracy of the 

results. 
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