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Abstract 

The assembly methods, or combination of models, arise with the purpose of improving the accuracy of predictions. An assembly 
contains a number of apprentices (base models) which, when of the same type are called homogeneous and if of different, 
heterogeneous. The characteristic is that these apprentices do not perform well. The assembly is generated using another 
algorithm that combines the apprentices, examples of which are the majority vote, the decision table and the neural networks [1]. 
This article proposes the use of an assembly of classifiers to determine the academic profile of the student, based on the student's 
overall average and data related to educational factors. 
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this is influenced by many factors, including social, economic, educational, academic and institutional, to name a 
few. This study seeks to generate an assembly of classifiers to determine the academic profile of a student, based on 
their overall average and using educational factors such as study activities, forms of learning and study habits as 
discriminants. The database consists of the students' records from the University of Mumbai (UM) in India who 
enrolled in the years 2010, 2011 and 2012 in the different careers that are offered. 

A popular strategy is to test different algorithms to generate the models, evaluate them and choose the one that 
provides the best results, i.e. the one with the least error in predicting the class of an unknown instance [2] [3] [4] 
[5]. In contrast, an assembly method builds or uses several classifiers and combines them [6]. Classifiers built from 
different algorithms on the same data are usually used. However, since doing it in this way did not lead to good 
results, the data in this study were divided by groups of factors and the same C4.5 algorithm was applied, building 3 
classifiers and generating the assembly with them. 

2. Method 

2.1 Data selection 
 

The data were obtained from the socio-economic study applied to the students of the 2010-2015, 2011-2016 and 
2012-2017 generations of all careers at the University of Mumbai (UM) in India. The selected data correspond to the 
section on educational factors, which applies to students, specifically to study activities, see Table 1, learning styles, 
see Table 2 and to study habits, see Table 3. These data are related to school monitoring data, specifically to the 
student's overall average. 

The answer scale to the questions is divided into: Never, Normal, Always, except in those where a number of 
hours or books is requested, which are the first 3 questions on study habits. 

Table 1. Study activities. 

Activities  

I meet with my classmates to study for an exam Study mainly with monographs 

I meet with my classmates to develop a task or group work I study mainly with my class notes 

When I start, I identify what I need to study and draw up a work plan. I study mainly with the textbook of the subject 

I check what I remember from what I studied. I study mainly with the notes of my classmates 

I identify concepts that I have not yet understood I use encyclopedias, dictionaries or atlases 

When I don't understand something, I look for more information. I use a computer or the Internet to study, do homework, or solve an exam 

Table 2. Learning styles. 

Styles  

I learn more when I work with other colleagues I do well on exams in most subjects 

It is helpful for everyone to contribute ideas when working in a group I like to work with other colleagues 

I study to secure my future financially I only read when I have an obligation to do so 

I study to get a good job Reading is one of my favorite hobbies 

I study to learn more I like to discuss books with other people 

I study for a better life It is hard for me to finish reading a book 

I trust I can understand what I study even the most difficult texts I like to be given books 

I am confident that I can do an excellent job on my homework and exams Reading seems like a waste of time to me 

I am sure I master the skills I was taught I enjoy visiting bookstores or libraries 

I learn quickly in most subjects I only read to get the information I need 

I am competent in most subjects I have a hard time sitting down to read for a long time 
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Table 3. Study habits. 

 
Habits  

Hours a week that you study or do homework outside of school hours? Magazines 

Do you spend hours a week reading about what you like or are interested in? Newspapers 

Mention how many complete books you have read in the past 12 months without taking textbooks into account Comics 

Literature books (novel, theater, poetry) Websites 

Book son other subjects (science, technology, economics, etc.)  

 
2.2 Preprocessing 
 

In the original file, the number of instances was 4600, however, because some students did not answer a large 
number of questions, instances with incomplete information were removed [9], leaving only 1230 instances.  
 
2.3 Transformation 
 

The academic profile of the student was divided into 3 classes, according to the general average obtained from 
their entry and until the last semester. Table 4 presents this information, as well as the number of students who 
present this profile. 

Table 4. Distribution of students by academic profile. 

 
Academic profile General average Students 

Regular [0.0,7.4] 170 

Good [7.5,8.6] 852 

Excellent [8.7,10] 208 

 Total 1230 

 
The selected data set, 1230 instances or specimens, was divided into two sets: the training set with 984 instances, 

and the test set with 246 instances.  

3. Results  

The experiments carried out and the results obtained are presented below, starting with the generation of the 
single classifier that uses all the data, continuing with the individual classifiers and ending with the assembly. 
  
3.1 Generation and testing of a classifier considering all educational factors 
 

The first classifier was generated using algorithm C4.5 [10]. The model was generated from the training set (984 
instances). The results are presented in Table 5, in terms of percentages of success and error in the classification of 
the instances, as well as the confusion matrix. By using the generated model to classify the instances in the test set, it 
can be observed that the efficiency of the classifier drops from 91.2% to 60.23%.  

 
3.3 Assembly of classifiers using an artificial neural network 
 
3.3.1 Neural network architecture (NN).  
 

The output of the classifiers is represented by a 3x1 vector. P= [Class 1, Class 2, Class 3] T, so the NN has nine 
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inputs. The nine inputs pass to the first layer of 10 neurons, with an independent compensation input (bias). 

Table 5. Results of the classifier generated with the algorithm C4.5 (J48 WEKA). 

 
 

Classes 

Confusion Matrix Success Error 

A B C 91.2% 8.8% 

a = Good 540 10 7 984 instances 

b = Regular 30 110 1 897 correctly classified  

c = Excellent 34 9 90 87 incorrectly classified 

 
The activation function is logsig, (1). The final layer has three neurons with bias and logsig activation function. 

The objective is that the output represents the class by means of the vector S= [Class1, Class2, Class3]T [11] [12] 
[13]: 
 

                                                                                                                                                (1) 
 
3.3.2 Training algorithm.  
 

The training algorithm " Conjugate Scaled Gradient " [10] is used. The performance index is [14]: 
 

                                                                                                                                          (2) 
 

Where: 
𝑦𝑦′ is the probability of the expected class i, 
𝑦𝑦′ is the estimated probability. 
 
3.3.3 Experimental results.  
 

The following results were obtained when training for 52 seasons. Figure 1 shows the performance index for each 
training season. The calculation of this index is through (2), which in the last period has a value of 0.0012458. 

In Figure 2, three sets of performance index values are shown for the set of data taken for training, validation and 
testing. It should be noted that at the 42nd epoch the minimum performance index equal to 0.18854 was obtained for 
the validation data set, this information is taken as a means of stopping the training algorithm. 
 

 

Fig. 1. Performance Index Behavior. 

To assess the quality of the classifier in Figures 3, 4 and 5, there are the confusion matrices and the ROC 
"Receiver operating characteristic" graphs that allow the quality of the class estimate to be assessed. During the 
training in Figure 3, a correct classification percentage is observed for class 1 of 80.7%, for class 2 of 70.9% and for 
class 3 of 63.4%, resulting in an average percentage of 77.3%. When observing these values for the validation and 
test sets, a correct estimation percentage of 88.3% is observed, see Figures 4 and 5. 
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Fig. 2. Behavior of the performance index with respect to the phases of Training, Validation and Test of the Neural Network. 

 
 
 
 
 
 
 
 
 
 
 
 

 

Fig. 3. Receiver operating characteristic (ROC Training) graph: Note 
that in all the results the sensitivity curves are at the top of the non-

discrimination line (diagonal). 

Fig. 4. Receiver operating characteristic" graph. (ROC Validation) 

 

 

Fig. 5. Receiver operating characteristic" graph (ROC proof). 
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4. Conclusions  

The classifier assembly performed better when evaluated on the test set, 88.3%, than the individual classifiers, 
which range between 63% and 67.5% or the classifier that considered all factors, 59.82%. From these results, it can 
be concluded that the classifier assembly built with the neural network performed better during the test phase. 

Results are taken in the test phase because that is when the classifier is subjected to data considered during the 
training phase, being a better reflection of its ability to classify. 

Future studies should evaluate with other assembly methods, such as: the majority vote and the decision table, 
among others, to assess whether performance is improved [15] [16][17][18][19]. 

It is also suggested to analyze the weighting given by the neural network of the assembly to identify the classifier 
that came closest to the correct class, and thus examine the structure of the corresponding tree, in order to detect 
educational factors for the excellent class and generate strategies to strengthen them. 
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