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Abstract— The education is a fundamental law that promotes the 

social and economic development of a nation. Also, it is how a 

country can achieve its sustainable development objectives. 

Because of this, various international organizations (Unicef-

UNESCO- Banco Mundial -OECD) are promoting the coverage 

of education in underdeveloped countries. On the other hand, 

projects such as PISA that aim to carry out annual evaluations in 

more than 30 countries that serve as a reference of the 

educational level and encourages nations to improve the quality 

of education. Therefore, the objective of this work is to 

implement a methodology to predict the results of ICFES tests 

SABER 11 °. that can correct the educational problems that 

Colombia has presented in secondary education. For the 

development of this methodology, the ICFES repository database 

was used. Data were pre-processed using MATLAB software. 

Also, combined tests were carried out with the new Chi-Square 

metric developed by the researchers of the automation group of 

the Technological University of Pereira, obtaining results that 

were 20% higher compared with conventional classification 

techniques. In this project, the most influential characteristics 

were found in the students, who are responsible for the loss of the 

ICFES SABER 11° exam in Risaralda.  

 

Index Terms — Categorial Data, Chi-Square, Education, 

ICFES, Machine Learning, Relevance Analysis. 

 

 

 Resumen— La educación es un derecho fundamental que 

promueve el desarrollo social y económico de una nación, La 

Educación es un derecho fundamental que promueve el 

desarrollo social y económico de una nación, además, es el medio 
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por el cual un país puede alcanzar sus objetivos de desarrollo 

sustentable. A causa de esto, diversos organismos internacionales 

(Unicef-UNESCO-Banco Mundial-OCDE) están promoviendo la 

cobertura de la educación en los países subdesarrollados. Por 

otro lado, proyectos como PISA cuyo objetivo es realizar 

evaluaciones anuales a más de 30 países que sirve como 

referencia del nivel educativo e impulsa a las naciones a mejorar 

la calidad de la educación. Por ende, El objetivo de este trabajo es 

implementar una metodología para predecir los resultados de las 

pruebas ICFES saber 11°. que pueda subsanar la problemática 

educacional que viene presentado Colombia en la educación 

media. Para la elaboración de esta metodología, se utilizó la base 

de datos del ICFES saber 11°. Se preprocesaron los datos 

utilizando el software MATLAB. Además, se hicieron pruebas 

combinadas con la nueva métrica Chi-Square desarrollada por 

los investigadores del grupo de automática de la Universidad 

tecnológica de Pereira, obteniendo resultados superiores en un 

20% comparados con las técnicas convencionales de clasificación. 

En este proyecto, se encontraron las características más 

influyentes en los estudiantes, las cuales son causantes de la 

pérdida del examen ICFES saber 11° en Risaralda. 

 

 Palabras claves— Chi-Square, Datos categóricos, Educación, 

ICFES, Machine Learning, Análisis de Relevancia. 

I. INTRODUCTION 

 

HE last century, education has become the benchmark for 

countries to determine the economic, social, and cultural 

level of each nation. Well, the quality-of-life index is strongly 

linked to the educational level by country [1,2]. According to 

research, the countries that invested the most in education in 

the last three decades grew exponentially and today they are 

the richest countries in the world and with a better quality of 

life than the rest, for example, USA, CHINA, CANADA, etc. 

[3,4]. Demonstrating that the educational level of each country 

is one of the fundamental weapons for its development. 

Different studies have shown that the contribution of 

education to a country linked to any area of it, from the 

political, educational, economic, military, commercial, 

technological, etc. Well, through educational investment is 
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that students with a very high intellectual level emerge, 

including researchers in charge of technological or military 

advances, for example, USA, GERMANY, JAPAN, etc. [5] 

For this reason, Colombia has sought to improve the education 

of its country, increasing the budget for the Ministry of 

Education, among other ways to increase the educational 

development of students [6]. As part of the solution to this 

problem, the ministry has been conducting tests with the 

databases of the state exam ICFES SABER 11°, to find out 

which are the performance factors that most affect the 

performance of students and schools. Different investigations 

have been carried out on the subject, having good results but 

still not solving all the problems present in the country [7-10]. 

Well, there is still a long way to go in machine learning, which 

will be able to provide the country and the secondary 

education institutions with tools that will allow them to have 

better control over the educational level of their students and 

carry out the pertinent actions that the case merits.  

Previous research shows that the socioeconomic and 

sociodemographic variables of students are a factor of great 

importance in education and directly related to academic 

performance [7-10], variables such as occupation or level 

Parents’ education [11], and socioeconomic status or 

possession of some capital, are usually linked to student 

performance [12]. For this reason, these social variables allow 

a better approach to the student in the educational field, thus 

allowing the implementation of some measure that can 

provide a solution to young people who will represent future 

problems with state tests, allowing the government an 

improvement in the educational level of the nation. This, 

because the state exam becomes an indicator of the intellectual 

capacities of those tested, also, it is a fundamental requirement 

for the continuity of the academic training of citizens; it 

becomes decisive to identify the sociodemographic variables 

that influence directly or indirectly on the final results of the 

SABER 11° tests since, in the long run, it will become a factor 

that intervenes both in the quality of life of Colombians and in 

the country's development.   

For this reason, they have carried different investigations 

out about the aforementioned problem. As, for example, the 

ministry of education, that using the SABER 11° test database, 

performs statistical analyzes to determine relationships 

between sociodemographic variables and the test results 

[13][20]. However, the analyzes are very superficial and not 

very rigorous since it limits them to the use of descriptive 

statistics and do not allow finding correlations of underlying 

variables that can be expressed in terms of the original ones. 

On the other hand, the Francisco José de Caldas District 

University set out to find in its work the individual 

determinants of performance in state tests, and for this, it 

carried out a comparative analysis of two regression 

techniques, multilevel regression model (HLM) and learning 

Kernel-based computational (SVM), in which there was a 

notable superiority by the HLM model both in its 

expressiveness and in the processing time. However, the 

methods used did not allow the individual relationships 

generated to described, and the results got were not as 

expected [14][21].   

Data mining is not a new topic within the educational field, 

and its techniques can explain and predict phenomena within 

the educational system [15,16]. An example of this is the use 

of machine learning techniques to predict the probability of 

attrition with high reliability [17]. On the other hand, 

educational institutions make use of these techniques to 

perform characterizations of the academic profiles of their 

students [18], because of this it is convenient to use the 

computational tools that mining provides for data. 

Therefore, the principal aim of this article was to develop a 

tool that can select the most relevant characteristics at the time 

of losing the ICFES status exam. To later classify the users 

who will lose or win the tests to know 11th. This, based on the 

performance patterns found in the sociodemographic and 

socioeconomic variables and using machine learning 

techniques. Specifically, an approach based on supervised and 

unsupervised learning proposed, to test the advantages and 

difficulties of each method, which will finally be able to 

contribute to the research that the government has been 

carrying out on student performance factors [13]. But it will 

also contribute to this alternative path in which Colombia 

should gradually take hold, which is machine learning, 

specifically in software that can predict or classify these 

students.  

 

II. METHODS 

 

A. Chi-Square Distance 

 

The chi-square distance is similar to the Euclidean. 

However, it is a weighted distance and a suitable metric for 

the analysis of databases with qualitative, categorical or 

nominal variables. The Chi-square distance compares the 

counts of responses from categorical variables with two or 

more independent features: 
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Here, D is the number of features or dimensions. The Chi-
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Square distance uses a contingency table, with the frequency 

of each attribute. The weighted distance C-S with categorical 

features allows a better treatment of these data. This is 

explained because it improves the separability of the classes, 

and allows an easier grouping or discrimination. However, an 

important drawback is the augment of dimensionality due to 

the data mapping to a space of dissimilarity. Therefore, it is 

necessary to use the algorithm t-SNE for reducing the 

dimensionality to 2 or 3 attributes. To preserve the structure of 

the databases, it was implemented the C-S metric within the 

distance function of t-SNE for simultaneously enhancing 

separability of categorical data and reducing computational 

times in learning algorithms [19][20][21]. 

 

B. Support Vector Machines (SVMs) 

 

Support vector machines (SVMs) are prevalent in 

applications such as natural language processing, speech, 

image recognition and artificial vision. The full theory of 

SVMs can be found in [22]. This approach can be divided as 

follows: 

 

 Separation of classes: It is about finding the optimal 

separating hyperplane between the two classes by 

maximizing the margin between the closest points of 

the classes. 

 

 Overlapping classes: The incorrect data points of the 

discriminating margin are weighted to reduce their 

influence (soft margin). 

 

 

 Non-linearity: When a linear separator cannot be 

found, the points are mapped to another dimensional 

space where the data can be separated linearly (this 

projection is realized via kernel techniques). 

 

 Solution of the problem: The whole task can be 

formulated as a quadratic optimization problem that 

can be solved by known methods. 

 

SVMs belong to a class of machine learning algorithms 

called kernel methods. Common kernels used in SVMs 

include: RBG or Gaussian, linear, polynomial, sigmoidal, 

among others [23]. We choose the RBG function due to its 

flexibility for different type of data. We set the Gamma and C 

hyper-parameters of the RBF kernel through cross-validation. 

 

 

 

 

 

 

 

 

 

III. DATASET AND EXPERIMENTAL SETUP 

 

 

A. Dataset 

 

 

We took the databases that are being worked on from the 

official ICFES website 

https://www.icfes.gov.co/investigadores-y-estudiantes-

posgrado/acceso-a-bases-de-datos. Table 1 shows the pertinent 

information. It is important and pertinent to clarify that the 

information from the surveys that taken from the Ministry of 

Education and used during the execution of this project, not 

disclosed, it was completely confidential. 

We carried a careful and refined review of the state-of-the 

art related to Colombian education out, as well as regarding 

machine learning applied to the recognition of student profiles 

based on information from the survey got by the Ministry of 

Education. Subsequently, We label and organize the 

information collected in the surveys carried out on Colombian 

students in the saber 11 tests. 

 

B. Training and Specifications 

 

The students are divided into those who won and those who 

lost the state test. Then, we a respective preprocessing 

implemented to eliminate missing values among other 

inconveniences, and the results got used for training the 

pattern recognition algorithms. 

Also, we a module developed for the recognition of student 

profiles based on unsupervised learning. Specifically, we 

validated the methods applied in the state-of-the art, such as 

the k-means algorithm and Gaussian mixtures with Bayesian 

inference: Expectation-Maximization and variational 

inference. We validated these proposed unsupervised learning 

methods using performance metrics such as precision, 

dispersion, ROC curves, specificity, and sensitivity on student 

identification results. Finally, we a supervised learning 

algorithm developed to predict the outcome of the ICFES 

Exam. As future work, we intend it to develop an application 

in Matlab or Python that articulates the machine learning 

modules.  

We calculate the accuracy (AC) and computational times for 

all classifiers in each setup, under the same conditions. We 

perform a hold-out validation scheme, with ten repetitions for 

each experiment, taking 70% of the data for training and 30% 

for validation. The simulations were performed with Matlab 

software on a server Intel (R) Xeon (R), CPU E5-2650 v2-

2.60~GHz, two processors with eight cores, and 280 GB-

RAM. 
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IV. RESULT AND DISCUSSION 

 

In this work, we used the ICFES SABER 11 ° database, a 

categorical database that coded using the Matlab software, 

transforming it into a numerical-discrete database as shown in 

Fig. 1. In this, we can observe the overlap of the data, and the 

null visual separation in 3 dimensions, the categorical data not 

only represents this problem but also causes a low level of 

success. The first stage to remedy this problem is proper 

database preprocessing. For this, the Matlab functions were 

used to eliminate missing values and outliers as seen in Fig. 2. 

Doing a correct preprocessing allows the data to be visually 

separated. However, the problem has not been solved, the 

characteristics that have a very high correlation with each 

other must eliminated, so it improves both visually and at the 

level of success. For this, the three conventional methods for 

dimensionality reduction (CORR, PCA, RELIEF) used. 

Fig. 3 shows us the total correlation of the database where it 

can observe that the last characteristics have a very high 

correlation because they result from the ICFES exam in 

mathematics, social sciences, natural sciences, Spanish and 

English. Therefore, these characteristics eliminated, getting 

cleanliness of 42 characteristics to 27 as observed in Fig. 4. 

After thresholding with the first dimensionality reduction 

method, Fig. 5 shows us a decrease from 27 to 17 

characteristics. On the other hand, Fig. 6 shows us one of the 

most used methods in machine learning to reduce 

dimensionality called PCA. With this method, we can reduce 

the dimensionality from 27 to 17 features.  

 

 

 

 

 

 

 

 

 

TABLE I 

DATASETS ICFES 

Exam   Samples                Feature         Total Samples 

Mathematics   395870       42                 1583480 
  

Social Sciences   395870       42                 1583480 
 

Natural Sciences   395870       42                  1187610 

 

Spanish   395870       42                 1583480 
 

English   395870       42                  1583480 

   
   

   
   

Table 1: Shows the relevant information from the database. It has 42 

categorical characteristics. In addition, the algorithm processed 7.5 million 
data in total. 

 

   
   

   

   
   

   

 

 
Fig. 1.  Graph of the discrete database in 3 dimensions. 

  

 
Fig. 2.  Graph of the discrete database without Missing Values or 
Outliers in 3 dimensions. 

  

 
Fig. 3.  Correlation matrix of the preprocessed database. 
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Therefore, the latest RELIEFF dimensionality reduction 

method gives us much better results than the previously 

exposed methods. The reduction goes from 27 to 11 features 

as shown in Fig. 7. Also, by reducing the dimensions that 

highly correlated, the database improved visually as expected 

as seen in Fig. 8. However, the separability of the database is 

still not optimal, this is because of the categorical data type. 

For this reason, a new metric developed by the Automatics 

group called Chi-Square distance (C-S) used. 

 

 

 

 

 

 

 
Fig. 4. Correlation matrix of the preprocessed database without the 

characteristics that cause a total correlation from 27 to 42. 

   

 
Fig. 5. Correlation matrix of the preprocessed database using the 
first dimensionality reduction method. 

  

 
Fig. 6. Correlation matrix of the preprocessed database using the 
PCA dimensionality reduction method. 

  

 
Fig. 7. Correlation matrix of the preprocessed database using the RELIEFF 

dimensionality reduction method. 

  

 
Fig. 8. Graph of the preprocessed database after reducing dimensionality 
with RELIEF. 
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This distance maps the qualitative data to a quantitative 

space, increasing its dimensionality and allowing a clear 

separability as shown in Fig. 9. With this distance not only is 

such a level of separability achieved, but it also increases the 

accuracy of the algorithms of classification as seen in Table 2. 

When mapping the data with CS and later using these data as 

input in a linear SVM classifier, it allows an increase of 

approximately 20% that using the data with no type of 

mapping as observed in Table 2. 

 

 

 

Finally, to determine which were the characteristics that 

most affected the students in the department of Risaralda, we 

used a relevance analysis between RELIEFF and C-S. As seen 

in Fig. 10, there are 11 characteristics that most harm 

Risaraldenses students and which explained and with their 

respective relevance in Table 3. The principal aim of this 

article was to determine with high precision the characteristics 

that most affected secondary education in Colombia. 

 

 

 

 

 

 

 

 

Within the literature there are documents that deal with the 

problems of knowing 11 ° tests [7][8][13][14]. However, only 

descriptive statistics are used to provide solutions and 

advances in research related to Colombian education. An 

attempt to use data science was that of [15], however, when 

 
Fig. 9. Graph of the preprocessed database mapped with the Chi-square to 

another dissimilarity space. 

  

TABLE II 
DATASETS ICFES 

Method   Classifier               Accuracy             Variance 

Database Relieff   SVM Linear       69.59                1583480 

  

Database C-S   SVM Linear       88.51                1583480 
 

Database PCA   SVM Linear       67.15                1187610 

 
Database CORR   SVM Linear       63.34                1583480 

 

   
   

Table 2: Results of the accuracy in the prediction of the linear SVM 
algorithm, using the database with RELIEF, Chi-Square (C-S), PCA, 

CORR. 

 
   

   

   
   

   

   

 

 
Fig. 10. Most significant values using the RELIEF C-S dimensionality 
reduction method. 

  

TABLE III 

DATASETS ICFES 

Most influential features in Risaralda.   Relevance            

Father's level of education.      3.1 

 

Father's level of education.      6.0 

 
How many people are in the home?      3.4 

 

How many rooms does the house have? 
 

They have internet at home. 

 
They have a vehicle at home. 

 

Book number in the home. 
 

Stratum of the house. 

 
Economic situation of the family. 

 

How many hours does the student work? 

 

Bilingual school. 

 
 

     3.0 
 

     1.9 

 
     5.8 

 

     3.4 
 

     2.5 

 
     18.3 

 

     6.9 

 

     0.5 

 
 

   
   

Table 3: Relevance of the most influential characteristics in the department 
of Risaralda 
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replicating the tests, their results were more efficient using 

descriptive statistics, which showed an inefficient handling of 

kernels in SVMs. This makes our work a unique and stable 

approach in the Colombian country, with many possibilities of 

extrapolating it to all national departments to predict and 

improve the educational levels of Colombian students. 

 

V. CONCLUSIONS AND FUTURE WORK 

As partial conclusions, the efficiency of the Chi-square 

distance for categorical data stands out, as it shows great 

efficiency with grouping data, classification, etc., as we can 

see in Table II. Well, this dissimilarity measure allows 

mapping data from a qualitative space to a quantitative one, 

allowing optimal visual separability, see Figure 9. As part of 

the development of the work, a great deficiency also found in 

the department of la guajira in the tests to SABER 11 °, it 

should note that it is the department with the worst results and 

the most influential characteristics are the socioeconomic and 

demographic factor as expected. The results of the department 

of Risaralda show social and economic deficiencies, see 

Figure 10 and Table III, we can also show that it has 

deficiencies regarding Antioquia, Bogotá, etc. In the future, 

with this data it expected to use more robust supervised 

learning techniques to predict the students who will win or 

lose the state tests and later embed it in software that allows 

the government to identify these factors and provide an 

adequate solution. 
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