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In recent years, admission to public universities by applicants has been a process of increasing competition, because the 

academic offer has been changing considerably, due to the increase in professional careers in private universities, weakening 

in In some cases, the study programs of public universities, which is why the present research was proposed, which aims to 

Implement a predictive model of machine learning to increase the number of applicants to the admission process in a public 

university, the method used was to use the information from the admissions processes of the years 2018 and 2019 of the public 

university, before the pandemic, to evaluate the data between seven machine learning classifiers under the conditions of only 

categorical data, categorical and numerical data and finally data standardized. The results show that the Logistic Regression, 

Decision tree classification and Random Forest Classification models, in that order, allow the evaluation of the corresponding 

information, supported by the confusion matrix and the indicator f1-score that allows to properly validate the results for groups 

that are not homogeneous in the data. 
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Introduction  

Admission processes in national universities are increasingly faced with a greater need to compete with private 

universities due to the growing demand of applicants and the enormous academic offer offered by private 

universities, which causes a constant concern in public universities who seek to find different market niches to 

attract applicants and thus be able to cover all the professional careers offered by national universities. 

In this regard, starting from the change in the conditions of the courses in higher education institutions from March 

2020 to date, due to the contingency caused by the COVID-19 pandemic, has been a challenge for all actors in 

the process educational, adaptation to the distance education modality, which unexpectedly replaced the 

traditional face-to-face system [1]. On the other hand, in Ecuador, on access to higher education, a statistical and 

qualitative analysis of the research methodology was carried out: documentary, statistical and interviews, to 

elaborate a discussion and recommendations on public policies and compliance with the objectives from 2010 to 

2017. The results show how these changes are manifested through the university evaluations and their 

categorization, the planning of quality management processes in teaching and the relevance of the academic offer 

to guarantee that the admission system of applicants is meritocratic. Higher education policy has caused a 

paradoxical situation in this system, both at the national level and within each higher education institution [2]. 
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Higher Education institutions play a transformative role in contemporary society to respond to the social mandate, 

through policies from governments apply solutions to new challenges, in order to increase the quality, relevance 

and rigor of access to the students to the University [3]. Public universities in the Mexico City Metropolitan Area 

accept less than half of their applicants for undergraduate studies. At the Autonomous Metropolitan University 

(UAM), less than a fifth of the candidates enter. There is little information and attention to the characteristics of 

applicants to higher education institutions [4]. University admission transcends students from multiple dimensions 

(organizational, social, personal) that they usually face alone, and their adaptation will largely depend on their 

abilities to meet and overcome the needs that arise [5]. 

There is also research that seeks to have an evaluation through a predictive model to evaluate the predictive power 

that high school academic performance has on academic success at university, as well as some of the implications 

of its incorporation in the admission process university [6]. 

Machine Learning (ML) is an artificial intelligence (AI) technique, in which mathematical algorithms are used to 

learn from data in an effort to formulate an understanding of a particular phenomenon [7]. 

Regarding this problem encountered, the following question was raised: In what way can a predictive machine 

learning model be implemented to increase the number of applicants to the admission process in a public 

university? In the same way, secondary problems were raised: Can the information of applicants from previous 

years be analyzed to develop a predictive model of machine learning? And also, can a machine learning predictive 

model be developed to forecast applicants by district for a professional career at a public university? 

This approach brought as a general objective: Implement a predictive model of machine learning to increase the 

number of applicants to the admission process in a public university, and as specific objectives: Analyze the 

information of applicants from previous years to develop a predictive model of the machine learning and develop 

a model of machine learning to forecast applicants by district for a professional career in a public university, 

which promoted this research. 

 

2. Materials and method 

All printed material, including text, illustrations, and charts, must be kept within the parameters of the 8 15/16-

inch (53.75 picas) column length and 5 15/16-inch (36 picas) column width. Please do not write or print outside 

of the column parameters. Margins are 1 5/16 of an inch on the sides (8 picas), 7/8 of an inch on the top (5.5 

picas), and 1 3/16 of an inch on the bottom (7 picas). 

For the present study, it was decided to define what the unit of analysis will be, and in the same way, we proceed 

to delimit the population to be studied on which the results are to be generalized. Thus, a population is the set of 

all cases that agree with a series of specifications cited by Lepkowski in 2008 [8]. In accordance with the 

requirements provided by the university and for the purposes of this study, those applicants to the admission 

process to a public university who have participated in the admission process in the years 2018 and 2019 will be 

considered, since due to the examination processes For admission to national universities, the processes are carried 

out only once a year. 

Taking into consideration the aforementioned, those applicants who have taken the admission exam by ordinary 

modality during the years 2018 and 2019 in the Lima and Callao Regions will be considered, not considering the 

other types of admission for admission to the university, nor considering the eventual applicants from other 

regions, with the objective of reducing the bias within the critical mass of data that can cause when processing the 

largest volume of main information and thus avoid atypical data in the information processing. The university has 

a wide variety of entry types, under various modalities, however, the largest number of applicants are presented 

in the ordinary admission exam modality. 

The objective of choosing a model selection strategy is to define various procedures for estimating or forecasting 

data in one or more time series from historical information. These techniques do not try to normalize the data to 

establish the behavior of one or more variables, but rather perform an analysis for the construction of a conceptual 
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model in which results are generated through the series. Therefore, for this study the following conceptual models 

are considered: stationary model, with linear trend and with seasonality [9]. 

As it is a data analysis investigation, the data-based approach will be used as an instrument, which refers to 

decisions that are generated based on the analysis and interpretation of specific data rather than on observation. 

The information that will be treated for this study corresponds to the ordinary admission processes, for which it 

will be coordinated with the central admission office of the university. Subsequently, the data will be classified, 

normalized and standardized to select a training group and a test group, which can be used during the development 

of the machine learning model to identify the best data model, minimizing the cost of prediction error. 

The information will be refined and the data from the ordinary admission processes for the years 2018 and 2019 

will be used, considering the regions of Lima and Callao for having a greater number of participants, and in this 

way, reducing the bias that they may lead to outliers such as prospective applicants in other regions. 

The procedure to be carried out for the treatment of the data is indicated below: 

To start with the treatment of the information, it is necessary to carry out a preprocessing, which is one of the 

most important steps in any development and treatment of data for Machine Learning, validating the source data 

is always the first activity since they are regularly found. incomplete form, or inappropriate formats, which could 

not be included to be processed by the model. 

The next step to be carried out should be the data normalization process, usually they must be adequately 

standardized so that the process can work in an integral way, not finding data that it cannot validate or classify. 

Subsequently, the information must be reviewed to avoid redundancy and in this way it will be necessary to resize 

the information, in order to avoid collision between variables or information that has been intentionally normalized 

or added so that it can be processed in the previous stage. 

Once the information is in the correct form, a segmentation will be carried out between the total of the information 

in two groups, which will be a group for training and another group for tests, optimally the most suitable 

percentage will be sought for perform the division between the total study sample, it is usually recommended that 

it be a division of 20% for the training and testing group, however, there are different forms of information 

validation, which will be evaluated depending on the treatment of the model in progress. 

Once the training and control groups have been identified, the different algorithms will be compared to determine 

the best performance and the best approach to the closest probability for the desired forecast. The model will be 

repeatedly validated to determine the best algorithm that performs the desired forecast. 

The following are the algorithms that will be part of the evaluation process for this study: 

Logistic Regression, logistic regression models can estimate the probability of different classes. Accident 

prediction is a binary classification problem in which an event must be predicted as an accident or as an event that 

is not. Estimate the probability of an accident as a result of the prediction [10]. 

K-Nearest Neigbors (K-NN), The k-NN algorithm is one of the most recognized and widely used ML algorithms 

in the area of data classification research. With the advent of big data, the performance and efficiency of the 

traditional k-NN algorithm is rapidly becoming a critical issue [11]. 

Support Vector Machine (SVM), The Support Vector Machine (SVM) algorithm is a binary classification model. 

In two-dimensional space, a straight line makes it the most suitable segmentation line in the middle of the two 

data classes, and for the high-dimensional data set, it is to establish an optimal decision plane as a reference point 

of classification [12]. 

Kernel SVM, kernel-based SVM provides a new horizon for classification that computes the dot product between 

two feature vectors in a Hilbert space. The function of the kernel is to take data as input and transform it into the 

required form. Kernels are good when we have no idea about the data, they work fine even with unstructured and 

semi-structured data. With a suitable kernel function, we can solve any complex problem [13]. 
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Naive Bayes, The Naïve Bayes has proven to be a manageable and efficient method for classification in 

multivariate analysis. However, the characteristics are often correlated, a fact that violates the Naïve Bayes 

assumption of conditional independence and can deteriorate the performance of the method. Furthermore, data 

sets are often characterized by a large number of characteristics, which can complicate the interpretation of the 

results and slow down the execution of the method [14]. 

Decision tree classification is the simplest classification algorithm first developed by Quinlan et. Alabama. in 

1986. A decision tree is a supervised machine learning algorithm that is used in almost all articles, either as the 

primary algorithm for software failure prediction or for comparison purposes with other sophisticated approaches 

[15]. 

Classification with random forests, the ensemble method we use is called random forest. It is developed by 

Breiman in 2001 and is used to solve prediction problems [16]. 

The information provided by the university has been the following types of information: 

 

Table 1. Information provided by the study university 

information on the admission process 

Applicant Code District of Birth Graduated year 

Last name Country Foreign Nationality country College 

Mother's last name Place Foreign Nationality city college 

Applicant name Residence Department Score 

Specialty Code Province Residence Condition 

Specialty District Residence General Order 

Entry Modality Code Address Faculty Order 

Modality Description Telephone CP order 

Faculty Code Reference Telephone Description disability 

Faculty Description Mobile CONADIS resolution 

Sex Cell Reference School of Origin 

Birth date E-mail College Name 

Nationality UNFV link Native language 

Document Type School of Origin Native Language Description 

Identity Document Number Name Institution School Foreign language 

Proxy Document Number College Department Foreign Language Description 

Department Province College P1_Number of Applications Desc. 

Province Department District College P2_Previous_Income 
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Evaluating Models and Predicting with New Data. 

After all the validations of the data group and the test group for each interaction, the aim is to evaluate the error 

obtained and continue adjusting the model in order to achieve the least bias and the least variance. Within the 

predictive models of deep learning, an exact prediction model is not found, which is looking for the margin of 

error bias. 

 

3. Results 

As can be seen, various types of information related to the admission process have been reviewed, however, many 

of these items are not relevant for the present study, such is the case to give some examples such as: telephone 

(since it is not relevant know their telephone number to know if they are applying and entering the university), 

country (they are considered only if they are Peruvians and from the Lima and Callao region), language, applicant 

code (it is a random number generated by the system and not provides any value), name (the admission process 

does not process data from your applicants when determining admission), among others, therefore, these data will 

be considered to us to determine the basic criteria necessary to carry out a prediction model. 

So what are the data that do add value to the study? In these preliminary results, let's see the following: 

Study career, which corresponds to one of the specialties provided by the university and which has places available 

for applicants to enter the admission contest. 

Area to which you are applying, since you want to know where there are more or fewer applicants for the 

admission process by area of study. 

District of residence, since it is important to know the district of origin to determine if there are market niches that 

allow increasing income to a specific area or career. 

School of origin, there are different types of schools, however, for the present study a filtration has been carried 

out and only the most significant types are allowed: national, private and parochial school. 

Sex, which allows determining the trend between the study areas. 

Condition, which indicates whether or not you entered the university. 

Score obtained, which allows you to identify if you successfully entered the university. 

Other elements that could be considered may be the following: 

Age, this data is relevant to determine the trend for the number of years the applicant has when selecting a career 

or area of studies. 

Years of graduation, which, similar to the previous one, can determine a trend when applying to university. 

However, the latter have not been considered due to the variability found and not being able to define whether 

they really explain the final result obtained. 

The results are described below, previously identifying the information provided by the admission processes of 

the years 2018 and 2019 of the study university, from which the classification was made, table 2 shows the selected 

fields: 
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Table 2. Type of information selected for the study 

 

Admission 

year 
Type of information Quantity Type of data 

Year 2018 and 

2019 

Study career 56 specialties categorical 

Study area 4 areas categorical 

District of residence 47 districts categorical 

College of origin 3 types. categorical 

Sex 2 types categorical 

Score obtained 0 to 1000 quantitative 

Outcome 2 types categorical 

 

The data set obtained did not contain any inconsistencies or null values, so it was possible to consider the entire 

data set without adjustment modifications. 

A relevant data for the present study, which is all data are categorical, except for the score obtained when the 

applicant took the admission exam. In the same way, as it is a classification scenario for the model, the 

corresponding treatment described in the methodology must be carried out. 

It must be taken into account that in the logistic regression models and in the other models to be used, the 

categorical variables cannot be adequately evaluated, so a conversion must be carried out for each one of them in 

order to generate variables of the “dummy” type. "Which will allow to develop the model properly. Categorical 

variables cannot be described on a numerical scale. Since machine learning deals with numbers, transforming 

each category of these variables into an independent binary variable, also known as a dummy variable, is an 

alternative solution for introducing categorical variables into machine learning models [17]. 

Below is an example in Table 3 of what the corresponding conversion would look like. 

 

Table 3. Coding of the area code field in dummy variable 

AREA_CODE c_1 c_2 c_3 c_4 

A 1 0 0 0 

B 0 1 0 0 

C 0 0 1 0 

D 0 0 0 1 

 

As can be seen, the area code of the specialties of the admission process is composed of four variables, each 

variable has only a single combination on the right side for its treatment in the procedures to be developed. 

In the same way, to avoid multicollinearity, it is necessary to eliminate a column from those obtained in the 

conversion process developed with dummy variables, in order to avoid duplication in the identification of 

variables at the time of model development. Then any column can be removed, leaving only three of them. 
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Multicollinearity is a phenomenon that occurs when 2 or more independent variables are highly (but not perfectly) 

correlated. 2 Multicollinearity can inflate (or deflate) the standard errors of the coefficients and, as a result, the 

coefficients can falsely become insignificant (or significant) [18]. 

In the case of the other categorical variables, they must follow the same procedure, that is, for example, if the 

variable degree course has 56 values, this variable, because it is categorical, must be transformed into a dummy 

variable so that it can be used. will generate 56 additional columns to the initial matrix, one of them will be 

eliminated, to avoid multicollinearity, as we explained previously. This process will be carried out for each 

categorical variable. 

Therefore, in the end, from the conversion of categorical variables, a matrix will remain with 113 binary columns 

and a column with a high rank of numerical values that corresponds to the column of the scores obtained in the 

admission exam, for which, it was identified three different ways to carry out the corresponding evaluation to 

define a model: 

-Evaluate only categorical data. 

-Evaluate categorical and non-categorical data. 

-Evaluate all standardized data 

For which, it was decided to evaluate the models with each of the identified forms. The results for each evaluation 

are shown below. 

 

Table 4. Evaluation of only categorical data. 

Model Result 2018 2019 

  Precisi

on 

Rec

all 

suppo

rt 

F1 

sco

re 

accura

cy 

Precisi

on 

Rec

all 

suppo

rt 

F1 

sco

re 

accura

cy 

Logistic 

Regressio

n 

Accept

ed 

0.67 0.04 424 0.0

8 

 

0.85 

0.62 0.05 283 0.0

9 

 

0.89 

No 

accept

ed 

0.86 1.00 2427 0.9

2 

0.89 1.00 2200 0.9

4 

K-Nearest 

Neighbors 

(KNN) 

Accept

ed 

0.31 0.08 424 0.1

3 

 

0.84 

0.20 0.05 283 0.0

7 

 

0.87 

No 

accept

ed 

0.86 0.97 2427 0.9

1 

0.89 0.98 2200 0.9

3 

Support 

Vector 

Machine 

(SVM) 

Accept

ed 

0.42 0.03 424 0.0

5 

 

0.85 

0.38 0.08 283 0.1

3 

 

0.88 

No 

accept

ed 

0.85 0.99 2427 0.9

2 

0.89 0.98 2200 0.9

4 

Kernel 

SVM 

Accept

ed 

0.43 0.01 424 0.0

3 

 0.33 0.04 283 0.0

7 
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No 

accept

ed 

0.85 1.00 2427 0.9

2 

0.85 0.89 0.99 2200 0.9

4 

0.88 

Naive 

bayes 

Accept

ed 

0.15            0.94 424 0.2

6 

 

0.22 

0.12          0.96    283 0.2

1 

 

0.16 

No 

accept

ed 

0.90            0.09 2427 0.1

7 

0.91             0.06 2200 0.1

1 

Decision 

tree 

classificat

ion 

Accept

ed 

0.23           0.16   424 0.1

9 

 

0.80 

0.23             0.17 283 0.2

0 

 

0.84 

No 

accept

ed 

0.86         0.91     2427 0.8

8 

0.90 0.93 2200 0.9

1 

Random 

Forests 

Classificat

ion 

Accept

ed 

0.25 0.12 424 0.1

6 

 

0.82 

0.24 0.12 283 0.1

6 

 

0.86 

No 

accept

ed 

0.86 0.94 2427 0.9

0 

0.89 0.95 2200 0.9

2 

 

Table 4 shows us the comparison for each model evaluating the data for the years 2018 and 2019, where the values 

of the Precision column indicate the proportion that was really correct for those who entered and did not enter the 

university, it is clearly perceived that For applicants who did not enter, there is a good acceptance of 85% or higher 

for the year 2018, while for the year 2019 there is an acceptance of 89%, however, it is necessary to evaluate 

preferably all the values of those applicants who did enter. to the university since they were in smaller numbers 

compared to the large number of applicants who did not enter. 

From the evaluation carried out in the precision field, it can be seen that for the years 2018 and 2019 all the models 

have low percentages, so it cannot be said that a model has been found that supports the variation between the 

data. 

The results also show us in the accuracy column that the largest number of proposed models have a value greater 

than or equal to 80%, which is a fairly acceptable accuracy result, (all except for Naive Bayes), however, this 

value does not save in relation to the specific results, because they are really only indicating that they have been 

successful in finding applicants who did not enter university, while they cannot predict those students who did. 

The recall column shows us the results more clearly, since it is the rate of real hits on the positive values found, 

where it is clearly seen that the values are very low in all the models for those applicants who managed to enter. 

In the same way, the values of the indicator f1-score is very useful to determine the values of unequal classes, 

which is a very low value within the analysis carried out, practically discarding the results obtained for the group 

of university entrants. 

 

Table 5. Evaluation of categorical and non-categorical data. 

Model Result 2018   2019 
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  Precisi

on 

Rec

all 

suppo

rt 

F1 

sco

re 

accura

cy 

Precisi

on 

Rec

all 

suppo

rt 

F1 

sco

re 

accura

cy 

Logistic 

Regressio

n 

Accept

ed 

0.96 0.96 424 0.9

6 

 

0.99 

0.91 0.80 283 0.8

5 

 

0.97 

No 

accept

ed 

0.99 0.99 2427 0.9

9 

0.97 0.99 2200 0.9

8 

K-Nearest 

Neighbors 

(KNN) 

Accept

ed 

0.88 0.89 424 0.8

8 

 

0.96 

0.89 0.69 283 0.7

8 

 

0.96 

No 

accept

ed 

0.98 0.98 2427 0.9

8 

0.96 0.99 2200 0.9

8 

Support 

Vector 

Machine 

(SVM) 

Accept

ed 

0.98 0.96 424 0.9

7 

 

0.99 

0.92 0.92 283 0.9

2 

 

0.98 

No 

accept

ed 

0.99 1.00 2427 0.9

9 

0.99 0.99 2200 0.9

9 

Kernel 

SVM 

Accept

ed 

0.77 0.80 424 0.7

8 

 

0.93 

0.65 0.28 283 0.3

9 

 

0.90 

No 

accept

ed 

0.96 0.96 2427 0.9

6 

0.91 0.98 2200 0.9

5 

Naive 

bayes 

Accept

ed 

0.35 0.62 424 0.4

5 

 

0.77 

0.25 0.68 283 0.3

7 

 

0.73 

No 

accept

ed 

0.92 0.80 2427 0.8

6 

0.95 0.74 2200 0.8

3 

Decision 

tree 

classificat

ion 

Accept

ed 

0.99 0.99 424 0.9

9 

 

1.00 

0.98 0.97 283 0.9

7 

 

0.99 

No 

accept

ed 

1.00 1.00 2427 1.0

0 

1.00 1.00 2200 1.0

0 

Random 

Forests 

Classificat

ion 

Accept

ed 

0.97 0.99 424 0.9

8 

 

0.99 

0.95 0.97 283 0.9

6 

 

0.99 

No 

accept

ed 

1.00 1.00 2427 1.0

0 

1.00 0.99 2200 0.9

9 

 

Table 5 shows us the comparison for each model evaluating the data from the years 2018 and 2019, taking into 

account that a validation process has been carried out with all the categorical data transformed into dummy 

variables and the resulting scores have been added to these data. obtained in the admission exam, where the values 
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of the Precision column indicate the proportion that was really correct for those who entered and did not enter the 

university, it is perceived that for both types of applicants, entering and non-entering, the values are are above 

87%, (less for the Kernel SVM and Naive Bayes models), therefore, it can be said that the precision has increased 

mainly in the group of applicants who managed to enter the university, since this group represents a much smaller 

number compared to applicants who did not enter. 

The results also show us in the accuracy column that the largest number of proposed models have a value greater 

than or equal to 95%, which is a fairly acceptable accuracy result, (all except for Naive Bayes). The recall column 

shows us the results more clearly, since it is the rate of real hits on the positive values found, where it is clearly 

seen that the values have improved in all the models (except Naive Bayes) for those applicants who managed to 

enter, which we can think that the prediction models have improved significantly. 

The values obtained in this case in the f1-score indicator are much better than those described in the previous 

table, acceptable values are seen for several models developed in this data analysis to determine which would be 

the best model to forecast the income of a student to the national university. 

 

Table 6. Evaluation of all standardized data. 

Model Exam 2018   2019 

  Precisi

on 

Rec

all 

supp

ort 

F1 

scor

e 

accura

cy 

Precisi

on 

Rec

all 

supp

ort 

F1 

sco

re 

accura

cy 

Logistic 

Regressio

n 

Accept

ed 

0.99 0.99 424 0.99  

1.00 

0.99 0.97 283 0.9

8 

 

1.00 

No 

accept

ed 

1.00 1.00 2427 1.00 1.00 1.00 2200 1.0

0 

K-Nearest 

Neighbors 

(KNN) 

Accept

ed 

0.69 0.32 424 0.43  

0.88 

0.51 0.20 283 0.2

9 

 

0.89 

No 

accept

ed 

0.89 0.98 2427 0.93 0.91 0.97 2200 0.9

4 

Support 

Vector 

Machine 

(SVM) 

Accept

ed 

0.99 0.97 424 0.98  

0.99 

0.97 0.98 283 0.9

7 

 

0.99 

No 

accept

ed 

1.00 1.00 2427 1.00 1.00 1.00 2200 1.0

0 

Kernel 

SVM 

Accept

ed 

0.93 0.69 424 0.79  

0.95 

0.84 0.58 283 0.6

8 

 

0.94 

No 

accept

ed 

0.95 0.99 2427 0.97 0.95 0.99 2200 0.9

7 

Naive 

bayes 

Accept

ed 

0.15 0.97 424 0.27  0.11 0.98 283 0.2

0 
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No 

accept

ed 

0.93 0.08 2427 0.15 0.21 0.89 0.03 2200 0.0

5 

0.13 

Decision 

tree 

classificat

ion 

Accept

ed 

0.99 0.99 424 0.99  

1.00 

0.98 0.98 283 0.9

8 

 

0.99 

No 

accept

ed 

1.00 1.00 2427 1.00 1.00 1.00 2200 1.0

0 

Random 

Forests 

Classifica

tion 

Accept

ed 

0.97 0.99 424 0.98  

0.99 

0.95 0.97 283 0.9

6 

 

0.99 

No 

accept

ed 

1.00 1.00 2427 1.00 1.00 0.99 2200 0.9

9 

 

Table 6, which corresponds to the evaluation of all standardized data in similar ranges to avoid the dispersion of 

ranges between columns, shows us the comparison for each model evaluating the data for the years 2018 and 

2019, taking into account that it has been carried out a validation process with all the categorical data transformed 

into dummy variables and to these data the resulting scores obtained in the admission exam have been added, 

where the values of the Precision column indicate the proportion that was really correct for those who entered and 

did not enter the university, it is perceived that for both types of applicants, entering and non-entering, the values 

are above 0.93%, (less for the K-Nearest Neighbors and Naive Bayes models), therefore, it can be say that 

precision has increased mainly in the group of applicants who managed to enter the university, since this group 

represents a much smaller number and n comparison with applicants who did not enter. 

The results also show us in the accuracy column that the largest number of proposed models have a value greater 

than or equal to 95%, which is a fairly acceptable accuracy result, (all except for K-Nearest Neighbors and Naive 

Bayes). The recall column shows us the results with greater clarity, since it is the rate of real hits on the positive 

values found, where, properly evaluating, there are high values in models that have had low percentages of 

coincidences, which only affirms that there are few found values. 

Making a comparative analysis between the values of table 5 and table 6, which are the best values found for the 

evaluation of the indicated models, we find that there are three models that best approach the treatment of 

information, these are Logistic Regression, Decision tree classification and Random Forest Classification, 

however, to decide which could be the best model for the treatment of categorical data information, we must look 

at the results of table 3 in these three models, which exclusively classified only categorical data, for which we 

would only stay with the Logistic Regression model since it better classified the results of the applicants who 

obtained admission to the university. 

The values of the indicator f1-score are in their maximum expression compared to the previous results, (less in K-

Nearest Neighbors, Kernel SVM and Naive Bayes), allowing to guarantee a model very close to the real values. 

 

4. Conclusions 

According to the analysis carried out, it can be deduced that it is possible to predict whether an applicant can enter 

the national university of this study, knowing the variables such as: specialty, study area, sex, district of residence, 

school of origin and the possible score that you expect to obtain in the test, this result may be possible through the 

predictive models described by priority of Logistic Regression, Decision Tree Classification and Random Forest 

classification, which allow the handling of categorical variables in a large number of values. 
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The confusion matrix explained by each model in tables 4, table 5 and table 6, allows us to validate the data 

coincidences of the proposed models, and that allows us to determine the acceptance values and the rejection 

values for the coincidences, as well as for false positives and false negatives. In this case, that the data group of 

the incoming applicants to be evaluated was very small compared to the number of total records, the interpretation 

of the confusion matrix through the results found in the columns of the indicated tables, allow us to see the 

approach or distance of the model in front of the data. 

For the treatment of categorical data of the study variables, these can work better within the model with 

quantitative type values to improve the precision of the model and in this way, find the most stable model that is 

close to the group of values that are desired. predict. According to what has been reviewed in this article, it is 

necessary to standardize all values in proportional ranges so that the fit values of the model can be optimal. 

The value of f1-score, in this type of data analysis, is very necessary because it allows to see the precision and 

sensitivity in a single metric, quickly visualizing how close or far it is from the real values in the prediction in 

comparison with the training values of the model. In our case, being two groups with a very unequal distribution 

of cases, this indicator allows us to identify the differences between the data that are being used to determine 

whether the model is correct or not. 
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