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Abstract 

 
In recent years there has been a tendency to incorporate entrepreneurship related contents in engineering academic 
programs to help students identify opportunities, create, and innovate. It is interesting to analyze the interrelation 
between factors such as subject, working experience, university infrastructure, and social background in the 
entrepreneurial interest. This research compare models based on artificial neural networks (ANN) to predict the 
interest in entrepreneurial activities among engineering students. The research is carried out following a classic 4-
stage methodology (analysis, design, development, and validation). During the analysis, the local results of the 
University Entrepreneurial Spirit Students’ Survey 2018 (GUESSS) are preprocessed. In the design, GUESSS 
questionnaire is divided to create different predictive models. Both phases, construction and validation, are carried 
out entirely using the software WEKA. The complete dataset is split up to create 2 subsets, one is used for training 
and test (80%) and the other for validation (20%). The results reveal that the models can predict correctly between 
34% and 78% of the validation dataset’s cases. In conclusion, the investigation’s results show that some of the 
proposed models based on ANNs can help predict the interest in entrepreneurial activities among engineering 
students with a reasonable degree of certainty. 
 
Keywords 
Machine Learning, Artificial Neural Network, Predictive Model, GUESSS 2018, Entrepreneurial Intention 
 
1. Introduction 
After graduation, engineering students must face new challenges and difficulties to initiate their professional career. 
Whilst some of them get prepared to be recruited by prestigious companies, others try to create their own businesses 
to work independently. However, it is common to find students hoping to work for some years in a company to gain 
some working experience and then to initiate their own business. The factors that influence such decision have been 
a matter of study for a while. Subject, previous working experience, university infrastructure, and social background 
seem to be the logical factors that influence students’ preferences. 
Although there is wide variety in the approaches proposed to study this matter through the years, some authors have 
achieved more popularity than others. Two of the most accepted and followed approaches are: the theory of planned 
behavior (Ajzen, 1991), and the theory of the human motivation (McClelland, 1987).  
In the literature, factors that explain the entrepreneurial attitude are commonly classified in two categories. On the 
one hand are the personal characteristics such as risk aversion, autonomy, goal-orientation, power, and management 
knowledge. On the other hand, factors related to social environment such as family’s entrepreneurial background, 
economy, formal education and training, and social networks (Sieger, 2011; Zellweger et al., 2011; Bagheri et al., 
2015; Gorgievski et al., 2018; Israr and Saleem, 2018; Bosma et al., 2021).  
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During their college period, students develop several skills, which can be classified as cognitive, socio-emotional, 
and technical (Prada and Rucci, 2016). Students have also the opportunity to develop an entrepreneurial ecosystem 
whose success depends on the connectedness and effective filtration, and on having a strong local and interregional 
character (Prokop, 2021). The orientation of the university education is believed to play an important role too 
(Franke and Lüthje, 2004). 
The Global University Entrepreneurial Spirit Students' Survey (GUESSS) is a world-wide study coordinated by 
University of Saint Gallen (Switzerland) and conducted every 2-3 years at universities in over 50 countries. Its goal 
is to identify the factors that drive students’ entrepreneurial activities based on the idea that entrepreneurial 
intentions depend on the behavioral attitude, subjective norms, and perceived behavioral control. Being the 
entrepreneurial personal background, the motivations, and the entrepreneurial family background the influential 
variables (Sieger, et al. 2011). 
This investigation is focused in the building and comparison of models to predict the interest on entrepreneurial 
activities among university students several years after finishing college. The analyzed dataset corresponds to the 
results of the survey GUESSS 2018 conducted at Universidad de La Frontera (Chile). This research is an extension 
of an existing work based on the survey GUESSS 2016 (Sandoval and Hernandez, 2021). However, in this work an 
newer and more extensive version of the GUESSS survey is used and the scope only considers students of business 
management, computer sciences, engineering, informatics, and architecture. 
 
1.1 Objective 
To apply machine learning techniques to predict the interest in entrepreneurial activities among engineering students 
in the mid-term by means of building predictive models based on artificial neural networks. 
 
2. Literature Review 
 
2.1 Machine learning 
Machine learning is usually referred as the branch of artificial intelligence (AI) that uses algorithms to find patterns 
and to learn from datasets through experience. There several types of machine learning algorithms: supervised, 
unsupervised, and reinforcement algorithms. In supervised learning, the training is carried out using labelled 
datasets. This means that the class or the value to be predicted is included in the dataset so it can be used for 
training. In the case of unsupervised learning, instead, the desired class is not known.  
 
2.2 Classification 
In machine learning there several important task: classification, regression, and forecasting. Classification can be 
understood as the determination of the class, a nominal value, in an unseen dataset using a previously trained model. 
In a regression problem, instead, the objective is the estimation of a numeric value using independent variable. On 
the other hand, in a forecasting problem time series are used to predict future values.  
 
2.3 Hold out and cross-validation  
Holding out implies the splitting up of a dataset into a set for training and another for testing. The test dataset is 
employed to assess the performance of the classification model with unseen data. Usually the split up proportion is 
80% for training and 20% for testing. 
On the other hand, cross-validation is the random split up of a dataset into k folds. During the model building, k-1 
folds are employed for training while the left one is used to test model’s performance. Training and testing are 
repeated iteratively k times until all folds have been used for testing (Figure 1). The goal is to minimize the risk of 
overfitting that can happen when holding out. In the case of cross-validation, each iteration produces different 
results because the folds for training and for testing have been interchanged. These k results are finally averaged.  
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Figure 1. Hold out and cross-validation (k=6) 

 
2.4 Overfitting and generalization 
Overfitting occurs when a model learns well from the training dataset but it does not have a good performance when 
tested with an unseen dataset. In such situation, it is said that the model cannot generalize. This might happen due to 
the incorporation of many details from the training data that will not be easily found in new data (Figure 2).  

 
Figure 2. Overfitting  

 
2.5 Replication 
Replication is repetition of an experiment under similar conditions to estimate the variability of the results. When 
using cross-validation, the dataset partitioning into k folds depends on a specific seed number (Figure 3). Since 
different seed numbers produce different folds, the results of the training and test are different too. By means of 
replicating the experiments with random seeds each time, it would possible to obtain several test results from which 
the mean and the standard deviation can be estimated and analyzed afterwards. Thus minimizing the effect of an 
unfortunate partitioning. 
 

 
Figure 3. Different folds in cross-validation (k=4)  

 
2.6 Artificial neural network (ANN) 
An ANN is a construction made of nodes, referred as neurons, that are combined in an interconnected layered 
structure (Figure 4). The input layer corresponds to the nodes that receive the externa data. In the second level 
contains the hidden layers that transform the input data for the output layer, whose neurons are responsible for 
delivering the results generated by the network (Morano and Tajani 2013). The topology of an ANN is determined 
by the number of layers, their nodes, and a transfer function.  
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Figure 4. ANN’s input, hidden, and output layers 

 
3. Methods 
This investigation is carried out following a classic 4-stage model: analysis, design, construction, and validation 
(Figure 5). 
 

 
Figure 5. Four-stage model 

 
3.1 Analysis 
During the analysis, a complete review of the GUESSS 2018 survey conducted at Universidad de La Frontera 
(Temuco, Chile) is carried out. For the purposes of this investigation, only students of business management, 
computer sciences, engineering, informatics, and architecture are considered.  
GUESSS 2018 questionnaire is organized in several domains or sections. The corresponding answers are expressed 
in simplified scales, either from 1 to 5 or from 1 to 7. To build the predictive models proposed in this work some of 
the domains are selected as the input variables, leaving the question related to the professional expectations five 
years after graduation as the attribute o class to be predicted. A total of 56 questions grouped in 7 domains are 
finally selected (Table 1). 

 
Table 1. Selected domains from GUESSS 2018 

 Domain Questions 
D.1 Subject (business management, computer sciences, engineering, informatics, and architecture) 5 
D.2 Career preferences 2 
D.3 University environment 13 
D.4 Entrepreneurial interests 24 
D.5 Entrepreneurial family background 2 
D.6 Social environment 6 
D.7 Personal information 3 
 

Design Construction Analysis Validation 
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3.2 Design 
The full dataset, a matrix of 738 rows (instances) by 56 columns (55 attributes and the class), is split up to create 2 
subsets. The first one for training and test, contains 80% of the data (580 instances). The remaining 20% of the data 
(148 instances) is left in a separate dataset to be used during the validation. An instance can be understood as a row 
containing all the answers of a single survey. 

 
Figure 6. Dataset split up 

 
To identity the relevance of each domain on the classification result, different combinations are defined to build and 
to compare 12 predictive models. For example, Model 8 (M8) comprises questions from domains 1, 2, and 3 (Table 
2). 
 

Table 2. Classification models’ design 
  M0 M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 M11 
D.1 Subject ✓ ✓     

  
✓    

D.2 Career preferences ✓  ✓      ✓    
D.3 University environment ✓   ✓   

 
 ✓   ✓ 

D.4 Entrepreneurial interest ✓    ✓ 
  

  ✓   
D.5 Business family background ✓     ✓    ✓   
D.6 Social environment ✓      ✓    ✓ ✓ 
D.7 Personal information ✓       ✓   ✓  

 
The resulting classification models are compared by means of the percentage of correct predictions using data in the 
validation dataset. Additionally, curves Precision-Recall and the area under the curve ROC (ROC AUC) are 
considered for comparison too (Davis and Goadrich, 2006). 
When dealing with classification problems it is important to consider the class balance. In the case of heavily 
imbalanced datasets, some authors recommend the inclusion of additional performance metrics such as Precision-
Recall curves along with ROC AUC (Saito and Rehmsmeier, 2016). 
 
3.3 Construction 
The interest is to predict whether the mid-term students’ career development preference, five years after graduation, 
is to be running their own business or to be working in a company. The predicted class can take two values: business 
owner or employee. There is also a third value for those ones who do not have any preference yet. 
All the models presented in this work are built using the data mining software WEKA version 3.8.3 (Witten et al., 
2017). Initially, all models are trained and tested applying a cross-validation scheme of k=10 folds on a dataset of 
580 instances (Table 3).  
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Table 3. Models’ performance with training and test dataset and cross-validation k=10 (580 instances) 
  Weighted Average 

Model % Precision Recall ROC AUC 
M0 71.72 0.700 0.717 0.827 
M1 42.24 0.423 0.472 0.513 
M2 50.69 ? 0.507 0.551 
M3 43.97 0.437 0.440 0.482 
M4 76.72 0.752 0.767 0.849 
M5 47.07 ? 0.471 0.490 
M6 44.31 0.440 0.443 0.495 
M7 50.69 ? 0.507 0.539 
M8 43.62 0.416 0.436 0.504 
M9 76.03 0.745 0.760 0.850 
M10 45.34 0.444 0.453 0.553 
M11 48.45 0.464 0.484 0.530 

 
In some cases, it is not possible to calculate the values of the column Precision because of the lack of instances of a 
given class. This is shown later in the confusion matrices (Table 9). 
Although cross-validation helps reduce the risk of overfitting, the effect of the fold partitioning remains (Powers and 
Atyabi, 2012). The replication of the experiments might mitigate this issue by means of using different folds each 
iteration. For the purposes of this research 10 replications are run, which means that each model is trained and tested 
100 times.  
The results show that the standard deviation of the replications fluctuates between 3% and 5% (Table 4). 
 

Table 4. Models’ performance with training and test dataset, cross-validation k=10, and 10 replications  
Model Average Correct Predictions (%) Standard Deviation (10 replications) 
M0 71.79 4.99 
M1 47.90 6.27 
M2 50.48 4.39 
M3 43.84 6.85 
M4 75.19 4.81 
M5 49.47 5.27 
M6 44.02 6.96 
M7 49.85 5.00 
M8 44.62 5.97 
M9 74.16 4.95 
M10 45.24 5.68 
M11 45.41 6.41 

 
3.4 Validation 
The validation of the trained and tested ANN-based models is carried out with the validation dataset held out during 
the stage of analysis. This dataset contains unseen 148 instances (rows), which comprises 20% of the data. 
 
4. Data Collection 
The validation results show that approximately half of the models can generalize relatively well with unseen data 
(Table 5). In all cases the percentage of correct classification is consistent with the percentage obtained with the 
training dataset (Table 4). 
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Table 5. Models’ performance with the validation dataset (158 instances) 

Model Attributes Correct Predictions (%) Precision Recall ROC AUC 
M0 56 72.15 0.653 0.722 0.865 
M1 6 38.61 ? 0.386 0.451 
M2 3 39.24 ? 0.392 0.545 
M3 14 37.34 0.357 0.373 0.490 
M4 25 76.58 0.732 0.766 0.863 
M5 3 39.24 ? 0.392 0.479 
M6 7 39.87 0.356 0.399 0.541 
M7 4 45.57 ? 0.456 0.518 
M8 21 37.97 0.360 0.380 0.497 
M9 27 77.85 0.751 0.778 0.871 
M10 10 39.87 0.378 0.399 0.469 
M11 20 33.54 0.312 0.335 0.461 

 
5. Results and Discussion 
The proposed models present significant differences in performance (Table 5), which indicates that the selection of 
questions (attributes) is relevant for the investigation (Table 6). 
 

Table 6. Models’ size (attributes) 
 Model M0 M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 M11 
 Attributes 56 6 3 14 25 3 7 4 21 27 10 20 
 
5.1 Numerical Results 
Confusion matrices are useful to summarize the prediction results in tables. The diagonal of the matrix contains the 
number of instances correctly classified. The other cells present incorrect classifications (Table 7).   

 
Table 7. Confusion matrix 

Class 1 Class 2 Class 3 

class 1 classified as class 1 class 1 classified as class 2 class 1 classified as class 3 

class 2 classified as class 1 class 2 classified as class 2 class 2 classified as class 3 

class 3 classified as class 1 class 3 classified as class 2 class 3 classified as class 3 

 
The results for both datasets, training-test (580 instances) and validation (158 instances), show that the models M4 
and M9 classify around 77% of the instances correctly (Table 8).  
 

Table 8. Resulting confusion matrices for ANN-based models  
 Training-test dataset (580 instances)  Validation dataset (158 instances) 

M0 Employee Funder Other  M0 Employee Owner Other 

 254 44 6   58 4 0 

 50 152 18   9 55 7 

 13 33 10   4 20 1 
M1 Employee Owner Other  M1 Employee Owner Other 

 200 99 5   53 9 0 
 142 74 4   63 8 0 
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  38 18 9   21 4 0 
M2 Employee Owner Other  M2 Employee Owner Other 

 200 104 0   62 0 0 

 126 94 0   71 0 0 

 35 21 0    25 0 0 
M3 Employee Owner Other  M3 Employee Owner Other 

 158 126 20   36 24 2 

 117 89 14   48 22 1 

 23 25 8   12 12 1 
M4 Employee Owner Other  M4 Employee Owner Other 

 281 21 2   61 1 0 

 53 149 18   8 55 8 

 15 26 15   5 15 5 
M5 Employee Owner Other  M5 Employee Owner Other 

 225 79 0   62 0 0 

 172 48 0   71 0 0 

 47 9 0   25 0 0 
M6 Employee Owner Other  M6 Employee Owner Other 

 162 120 22   32 28 2 

 116 86 18   37 30 4 

 27 20 9   17 7 1 
M7 Employee Owner Other  M7 Employee Owner Other 

 221 83 0   36 26 0 

 147 73 0   35 36 0 

 37 19 0   8 17 0 
M8 Employee Owner Other  M8 Employee Owner Other 

 169 119 16   30 26 6 

 128 82 10   39 29 3 

 29 25 2   15 9 1 
M9 Employee Owner Other  M9 Employee Owner Other 

 279 20 5   62 0 0 

 51 148 21   10 56 5 

 14 28 14   6 14 5 
M10 Employee Owner Other  M10 Employee Owner Other 

 174 113 17   36 23 3 

 114 85 21   44 26 1 

 25 27 4   13 11 1 
M11 Employee Owner Other  M11 Employee Owner Other 

 185 106 13   34 22 6 

 116 93 11   46 18 7 

 25 28 3   12 12 1 
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6. Conclusion 
The survey GUESSS 2018 provides valuable information about mid-term students’ career development preferences. 
This new information can be used to adapt lectures and contents to help undergraduate students develop the 
necessary skills to start their business or to facilitate their access and adaptation to private companies.  
When working with machine learning schemes, it is recommendable to apply a cross-validation to minimize the 
influence of the dataset split up instead of simply holding out a portion of data. Averaging k classification results 
will be always better than having only one result. Furthermore, running replications help reduce the bias caused by 
the fold partitioning. Having a validation dataset is an important part of the investigation, it helps determine whether 
the models can generalize properly or not.  
The classification results show that only the proposed models M0, M4, and M9 can predict correctly over 70% of 
the students’ preferences with the training and test dataset. With the validation dataset the situation is similar, being 
M0, M4, and M9 the only models predicting correctly over 70% of the surveys.  
Even though, prediction ratios are similar (72%, 77%, and 78%) there are significant differences in the number of 
attributes used to build each model, being M0 the largest one with 56 attributes (questions). Both, M4 and M9 
employ 26 and 27 attributes respectively. In all cases, the domain related to entrepreneurial interest (D4) is present. 
This one, with 24 questions, is the largest domain used in this investigation.  
Finally, prediction ratios and confusion matrices suggest that the proposed classification models M0, M4, and M9 
based on artificial neural networks can help predict mid-term professional career preferences among engineering 
students.  
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