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Abstract—To make improvements in the teaching-learning
process in educational institutions such as universities, it is
necessary to analyse the results obtained and recorded from
applying Active Didactic Strategies and, based on this, to propose
improvements that will help to achieve the Student Outcomes
established for the subject in question; the problem to be solved is
thus defined, and the results to be obtained from the analysis are
relevant for the improvement of student performance. The
objective is to analyse the results of the student assessment, the
basis for the calculation of which is based on the recording of the
qualification achieved through the performance indicators defined
for each criterion, of the competencies involved and aligned with
the Student Outcomes of the problems proposed to the student,
applying various data mining techniques. Data mining is used to
treat large amounts and types of data to obtain hidden information
and reveal states, patterns and trends; as well as in Education to
study the behaviour of students in terms of their performance. The
methodology used for the development of the work is based on the
Cross-Industry Standard Process for Data Mining methodological
model, which is widely used in data mining projects. The results
obtained reveal that the Student’s t-test and Snedecor's F-test are
highly significant, as well as the determination of the lowest
performance indicators in order to plan future improvement
actions towards better student performance and achieve a high
level of learning. Concluding that if the same teaching and
learning process is applied the result will be very similar,
therefore, the students have finished learning very well.
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I.  INTRODUCTION

Considering that the main benefit of Data Mining (DM) is
the power to identify patterns and relationships in the gigantic
volumes of data found in numerous sources.

Also, other aspects such as the growth of data from
educational sources ranging from university admissions,
academic information systems, monitoring, assessment,
graduation, as well as IT and teaching and learning support
platforms is enormous.

The analysis of the data recorded is essential to obtain
information, reach conclusions and therefore also to see the
correlation in the performance of students that allows to produce
multiple results, such as passes, fails, dropouts, grades, among
others, and to make decisions for improvement. This is how

nowadays the further development of DM to discover the
knowledge that may be hidden in databases, has allowed to
demonstrate its effectiveness in different contexts, being the
educational one the one that is growing in its application giving
rise to Educational Data Mining (EDM).

The objective of the research work is to apply EDM to
analyse the results of the evaluation of students in the area of
Engineering when applying Active Didactic Strategies, which in
the case of the study is Problem Based Learning in the course of
Electronic Business in the Professional School of Systems
Engineering (EPIS) [1] of the Universidad Nacional de San
Agustin de Arequipa (UNSA) [2]; and thus discover trends,
patterns, behaviours based on the available data and analyse the
performance of the students according to the results of the
evaluations reflected in the grades obtained, as well as the grades
given to the different performance indicators determined for
each defined criterion and included in the Reports of
Deliverables and Formative Research developed by the students
during the academic semesters covered in this work.
Additionally, combined with a severe statistical analysis to
determine patterns of usage.

UNSA's Educational Model is based on the professional
training of students based on competences and the application of
Active Didactic Strategies [3] to achieve the objectives and
competences established for training.

The EPIS 2022 achieved official accreditation certification
by the Accreditation Board for Engineering and Technology
(ABET) [4], which has as one of its objectives that the
University demonstrates that its graduates and trainees achieve
the desired competencies and student outcomes.

The research produced is applied and descriptive, the
methodology used is based on the Cross-Industry Standard
Process for Data Mining (CRISP-DM) methodological model

[5].

The main result obtained is that the models used have a high
significance according to the t-tests and Snedecor's F-tests to
which they are subjected.

Itis concluded that, if the same teaching and learning process
is applied in the course, the result obtained will be very similar,
which allows us to visualise that what is planned and executed
is well designed; and therefore the student ends up learning very
well.
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Il. THEORETICAL FRAMEWORK

A. Active Didactic Strategies

The EPIS professors plan as one of their objectives to apply
a certain Didactic Strategy for the development of the course,
taking into account that the students are trained through the
competence-based approach being the centre of attention as
referred to by [6], by applying an established or agreed active
didactic strategy contemplated by [7], [8] without leaving aside
what is dealt with by [9] which is improved with technology.

The training of students with Active Didactic Strategies
implies autonomous and continuous learning, as concluded by
[10], ordering their learning, being a permanent work in the
professional training.

In the experience of using the active didactic strategy of
Problem-Based Learning (PBL), as a learning methodologies,
students work in small groups of three or four members
executing the planning, organisation, planning the solution,
developing it, validating it and thus satisfying the requirements
of the problem or problems of reality.

The application of the aforementioned Active Didactic
Strategies encourages students to work in teams, increasing their
critical capacity, broadening their knowledge of the problem
area, developing the competences of the course and therefore
those of their professional training, increasing their abilities as
well as their procedural skills, valuing their achievements and
thus achieving a certain experience in problem-solving for the
good of society.

The adaptation and improvement in the application of the
Active Didactic Strategy and its complementary techniques are
of vital importance to improve students' performance, and
teachers are the ones most called upon to adapt them to the
teaching and learning methods for the benefit of the students.

B. Indicator-Based Learning Assessment

The evaluation, reflected in a grade that the student obtains
to continue to the next level of their study plan, must be based
on data and complementary information, to know the student's
knowledge deficiencies, weaknesses, the application of
methodologies, methods, techniques, tools, as well as
understanding the technologies and their limitations in the
application of the probable solutions to the problem being dealt
with.

In his proposal [11] he contemplates the Evaluation System
based on Performance Indicators for Problem Based Learning,
which contemplates in its structure: a) General Competence(s)
(of the graduate profile), b) Course Competence(s), ¢) Student
Outcomes, d) Process(es), e) Criterion(s), f) Performance
Indicator(s), g) Indicator(s) rating scale that allow a more
objective, fair evaluation; and have data that allows its analysis
to reach conclusions; to its initial structure was adapted the
inclusion of the element ‘Student Outcomes’, which is related to
the other elements and application for the rating in the
evaluation.

As a result of the application of the same in study [12] from
which the set of stored data of the academic semesters involved
in the present work is derived.
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The Student Outcomes defined for the NE course based on
those of the EPIS for the NE course are:

7.2 Acquire new knowledge in learning using appropriate
strategies in the context of technological changes.

8.2 Selects appropriate tools, skills, techniques, methods
and/or methodologies specific to the discipline with an
understanding of its limitations.

Fig. 1 shows some of the performance indicators graded
according to a grading scale, from which the mark obtained by
the student for each problem proposed for development is
calculated.
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Fig. 1. Grading tool for the deliverable report.

Every evaluation must generate complementary information
which must be organised, consolidated, analysed, interpreted,
communicated to whoever it may concern, generate knowledge
and thus be useful for planning, taking actions and decisions.
Thus, it is important to analyse the academic performance of
students in order to take timely action individually, as a team
and globally for all participants.

C. Data Mining

For study [13] ‘Data Mining is the process of extracting
useful information from an accumulation of data, often from a
data warehouse or from the collection of linked data sets’ and
also for study [14] ‘is the process of discovering patterns and
other valuable information in large data sets’.

In the DM process [15] refers to the set of methods,
techniques and technologies to explore large databases,
automatically, in order to find patterns, trends that help to
interpret the behaviour of the data in a given context. Also in
research [13] notes that it uses statistical analysis, machine
learning algorithms in the search in large databases, analysing
the data from different angles and thus identifying trends,
patterns and unknown associations.

The application of data mining occurs in different contexts
of organisations, as for example in study [16], the Data Mining
Model for Predicting Customer Purchase Behavior in e-
Commerce Context is proposed; it is also in the context of
education that DM is increasingly taking place to extract
information from data and be used to plan projects, improve
processes in teaching and learning.

Given the growth of the application of DM in the educational
context, it has given rise to Educational Data Mining (EDM)
treated as such in study [17] by contemplating that the usual
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approaches and assessments are not suitable to discover the
revealing information of the student's scores. Therefore, EDM
deals with cases of student data research used to investigate
associations not preliminarily detected in a student database.
Also in study [18] state that EDM focuses on developing
methods for discovering that Learning Management System
(LMS) data is used to understand and make improvements in
virtual learning environments, as well as building analytical
models to discover patterns and trends. Many works deal with
student performance as in studies [19], [20], [21], [22], [23],
[24], and also in study [25] where the detection of factors
associated with performance from educational assessment
databases is discussed; as well as somehow dealing with KPI
indicators to map strategies and performance indicators applying
predictive modelling as applied by study [29].

What is normally followed in a DM process is the
application of the CRISP-DM methodology in its six phases or
stages that ensures that the expected results are obtained.

D. Data Mining Techniques and Tools

Data mining techniques are being increasingly adopted in
studies related to data processing in organisations, which use
them for data processing, analysis, generation of information for
decision making [14].

Data mining tools contain powerful statistical, mathematical
and analytical capabilities to examine huge data sets to identify
trends, associations, patterns, correlations, intelligence and
strategic organisational information to support planning and
decision making [13].

In study [19], they have used DM techniques to generate
predictive models of academic performance: decision trees and
multivariate regression.

On the other hand, in study [17] they use the statistical
package for social sciences (SPSS V26) for both descriptive and
inferential statistics, using ANOVA as a method of statistical
analysis; [21] uses IBM SPSS MODELER 18.1 through
classification techniques.

Also, in [20] they use the best known, WEKA classifiers; so
also in study [22] additionally use it with clustering; and also
[25] use it to develop statistical analysis of massive information
from evaluation databases using association, clustering,
classification.

In study [23] they use classification with machine learning
algorithms; also in study [26] they used Machine Learning
techniques.

Also, in research [24], the need to consider qualitative and
guantitative elements to predict and evaluate the academic
performance of students is highlighted. Through machine
learning, educational data is refined, discovering valuable
patterns and simplifying complexities through feature selection
methods using clustering, classification and regression.

I11. RELATED WORK

The field of action and application of DM is very broad in
many contexts of activity in organisations; thus, [27] in the field
of IT project management, when defining a new project, it is
necessary to choose the development team considering
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characteristics, roles, results of previous projects, experience of
the developers, suitability and affinity. As well as in study [16]
in the e-commerce environment to predict customer buying
behaviour.

In the context of education, the study [19] performs an
analysis of the academic performance of students entering a
degree programme, relating performance to socio-economic and
academic characteristics stored in a database; as well as in study
[17] they analyse the performance of students in TOEFL
reading, listening and writing scores; study [20] investigates
whether there are patterns in the available data that can be useful
for predicting performance based on personal and pre-college
characteristics, in research [21] as the aim is to automatically
classify students based on their academic performance and to
identify profiles and trends as well as student attrition; the
study[22] uses classification techniques to study and analyse
student performance, as well as to help to advise students; the
study [25] develops statistical analyses of massive information
from student assessment databases, also presenting to the
scientific community statistical procedures and techniques that
can be valuable and replicable in other educational and/or social
spaces; also in study [23] proposes a model for predicting
student performance, allowing accurate identification of final
grades and providing information to guide educational
interventions. Also in study [26], the analysis of students'
academic performance is carried out using the Power BI tool,
evaluated different machine learning techniques and found
Random Forest to be the most efficient algorithm, with the
highest accuracy of academic performance. In study [24] their
systems collect data from various sources: exams, virtual
courses, enrolments, e-learning platforms; the analysis of this
data leads to the application of machine learning techniques to
predict and evaluate student performance.

IV. METHODOLOGY

The methodology used in this work is based on the Cross-
Industry Standard Process for Data Mining (CRISP-DM)
methodological model. For study [13] there are as many
approaches to DM as there are data mining workers. The
approach defined depends on the type of questions asked, as well
as the content and organisation of the database.

In this regard [5] summarises the phases or stages of CRISP-
DM implementation developed from the knowledge discovery
processes widely used in organisations, responding directly to
user requirements; namely: Business Understanding, Data
Understanding, Data Preparation, Modelling, Evaluation,
Implementation. Fig. 2 shows the six phases of CRISP-DM.

Fig. 2. CRISP-DM model. source (Taylor, 2017).
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In many organisations and in research work carried out, the
application of CRISP-DM implementation phases is generated
according to the problem to be addressed; thus, the study [13]
proposes the phases of: Understanding the problem, or at least
the research area, Data collection, Data preparation and
understanding, User training; also in study [28] in his guide
proposes the phases of: Understanding the business,
Understanding the data, Data preparation, Modelling,
Evaluation, Virtual, which is closer to the essence of CRISP-
DM.

Already in the application of CRISP-DM we have that [20],
develops the work with the phases of: Business Understanding,
Data Understanding, Data Preprocessing, Modelling, working
then the results; in study [18], [21], they use the phases of:
Business Understanding, Data Understanding, Data Preparation,
Data Preparation, Modelling, working then also the results; in
study [26], they deal with the phases: Business Understanding,
Data Understanding, Data Preparation, Modelling, Evaluation
and Visualisation.

The data mining project uses the tools of: IBM SPSS
Modeler V.21 which supports decision tree models, neural
networks and regression models; to do statistical analysis of the
data, determine relationships between Student Outcomes and
their assessments. It is used to perform data capture and analysis,
create tables and graphs with complex data; known for its ability
to handle large volumes of data as well as perform text analysis
among other formats.

IBM SPSS Modeler software offers advanced statistics in
addition to many basic statistical functions, including cross-
tabulation, frequencies, dual variable statistics such as t-tests and
ANOVA, correlation, linear and non-linear models.

RAPIDMINER is a free software tool used for data mining
tasks in both research and organisations, supporting single and
multidimensional predictive models. It works from nestable
operators to compose the models to work with; to do data
analysis, determine patterns.

It allows to accelerate the creation, delivery and maintenance
of predictive analytics; dealing with large volumes of data from
multiple different sources, managed by more business-oriented
than technical profiles.

Rapidminer software by the use of its workflow system
decreases the use of code for data modelling, speeding up the
analysis.

The data mining task is to analyse the university
performance of students from their assessments.

V. DEVELOPMENT OF THE PROPOSAL

A. Research Context

The experience is developed in the subject of Electronic
Business (NE) that correspond to the \V semester respectively of
the EPIS Curriculum.

From the academic year 2020 to the year 2023, the tool of
qualification of the Deliverable Report and Formative Research
Report is applied, the result of which by Feedback Report is
given to the students so that in work team sessions they analyse,
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reach conclusions on the qualification of each Performance
Indicator, propose improvements and apply them in the
development and solution of the following problems.

In the development of the course it is contemplated and
ensured that there is alignment between the Student Outcomes,
the contents, the evaluation method, the use of the grading tool
that encompasses what is proposed by study [11].

B. Development of the Model

The data mining work is based on the CRISP-DM research
approach as it is a non-proprietary, application-neutral standard
for data mining projects and widely used by users.

Phase 1: Understanding the business

The objectives and requirements of the business, which in
this case is the education sector, are understood.

The objective of the research is to analyse the results of the
student evaluation by applying different data mining techniques.

Among the main requirements are:

e Determine the relationship between Student Outcomes
and their Evaluation Process.

e To analyse the results of the application of different data
mining algorithms.

e Determine trends or patterns.

e Show the lowest performing performance indicators in
order to plan and take future improvement actions.

Phase 2: Understanding the data

It comprises the tasks of initial data collection, establishing
its main characteristics such as: structure, quality, identifying
likely subsets of the data of interest.

The initial data collection is given by the recording of the
ratings made in the respective assessment of each problem
addressed through the tool used.

The description of the data is given by the composition of
the 1681 records of the grades recorded in the tool in Excel, the
data are grouped into two categories:

e Course General Data with the Final Results of the
evaluation of each student: Faculty, Professional School,
course, credits, type, year, semester, theory group,
laboratory group, laboratory subgroup, analysis code,
surname and first name, gender; marks for: final, exam
and continuous averages, exams 1 2 3, continuous 1 2 3,
student results 7.2 and 8.2; dropout.

e Data of the Results of the Grading of the Deliverable
Reports made by the students: Problem, problem name,
problem score, student performance indicators score,
problem assessment criteria scores, student outcomes
scores 7.2 and 8.2 of the problem.

The exploration of data by understanding its structure and
characteristics.

In the Final Assessment Result 5 categories are considered
to appreciate the behaviour of the assessment; Fig. 3 shows the
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behaviour of the Final Assessment Results variable of the
students in the course, appreciating that category 4 with a rating
of Very Good with a mark of 14 to 16 prevails, and category 5
with a rating of Outstanding with a mark of 17 to 20 has a
significant presence not so in the year 2021.

Final Evaluation Results

1 2 3 4 5
Category

m 2020 2021 w2022 2023
Fig. 3. Final evaluation results.

Fig. 4 shows the behaviour of the variable: Gender of the
students, showing that the presence of men prevails, which is
derived from the application and entry to study in the study
programme.

Student Classification by Gender
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Fig. 4. Classification of students according to gender.

Table | shows the composition of the Theory Groups,
Laboratory Groups and Subgroups.

TABLE I. CONFORMATION OF GROUPS AND SUBGROUPS
Year | GrowpsTheory | | pcrtor Caboratory

2020 A A 5
B B 5

2021 A A 4
B B 6

C 5

2022 A A 5
B B 5

C 5

D 5

2023 A A 4
B B 4
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Table Il shows the problems dealt with in the development
of the course by applying Problem Based Learning.

TABLE II. PROBLEMS

Coding Description

Virtual Stores

Customer Relations Management - CRM

Supply Chain Management - SCM

e-Marketplace

e-Learning

e Employee

e-Government

N |0~ W NP

m-Business

The data quality check checked the consistency of the data
values.

Phase 3: Data preparation

This phase involves the activities to extract the student data
from the assessment record and build the final dataset into a
dataset described with 112 data for each instance or occurrence
that serves for modelling.

The Selection of the data covers the student assessments for
the years 2020 to 2023 which are 1681 records of the grades
recorded in the grading tool.

Data Cleaning deals with the inclusion of missing data, such
as gender; or derived from existing data such as
dropout/dropout; and data correction such as replacing blank
value with zero in performance indicators.

The Construction and Integration of the data is given by the
elaboration of the file containing the two categories: General
Course Data with the Final Results of the evaluation of each
student and the Data of the Grading Results of the Deliverable
Reports made by the students, and thus obtaining the final
dataset.

Data Formatting converts the data types for the application
of the specific DM technology. The 66 performance indicators
are nominal variables with four or five different values.

Phase 4: Modelling

In this phase, the modelling techniques that best enable the
analysis of the data of the data mining project are selected. The
data are entered into the data mining software, the runs are
performed and the results are studied.

In the modelling, the following options have been used:

- Linear Regression, supported by correlation coefficients,
Student's t-test and Snedecor's F-test.

The Student's t-test is used when the population does not
follow a normal distribution. In this case we do not know the
behaviour of the population data so we understand that there is
no normal distribution because this t-test is robust to deviations
from the normality of the population.

224|Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

The F-test is used to assess the overall significance of a
regression model. This test gives strength to the analysis of
variance of linear regression.

According to the systematic review of the research works
discussed or reviewed, we did not find a general model that deals
with student performance indicators for each of the criteria
proposed in an evaluation based on the definition of the rubric
that allows us to evaluate the level of performance or
performance of a task, which in this case are the proposed
problems; Our proposal differs because we reach the level of
qualification in the evaluation of the performance indicators
defined for each criterion; and we conceptualise a scheme based
on periods, groups and subgroups, problems, managing to reach
estimated models; therefore, it is determined to use the splines
for the determination of patterns.

Phase 5: Evaluation

The models created are measured against the defined
objectives; according to the result feedback is given and the
resulting modifications are part of the knowledge discovery
process.

Phase 6: Implementation and Visualisation

In this phase, the generated models are used by other users
to produce business intelligence. Based on the results obtained,
there are tables and graphs that allow visualisation, the
generation of reports and improvements in the procedures of the
processes.

VI. RESULTS

The main objective of the study is firstly to perform the
statistical analysis of data to determine the relationship of
Student Outcomes and their Assessment Process; secondly to
perform the data mining process to determine the existence or
not of patterns, correlations or trends in the assessment data.

The results of the statistical analysis of the SPPS Modeler
application are shown below.

There is a high relationship between the predictor variables
and the R72 model, in the same way, there is similarity with the
R82 model, which implies that in the R82 model there is a
greater effort on the part of the students to learn. Highly
significant results by analysis of variance (F-test). These results
are reflected in Table Il and Table IV.

On the other hand, the constants of the variables of the
estimated models show a highly significant Student's t-test,
supporting the result of the correlation coefficient. These results
can be seen in Table V.

TABLE Ill.  RESULTS OF THE CORRELATION COEFFICIENT FOR THE R72 Y
R82 MODELS
RZ
Model R R? Predictor variables
corrected

(Constant), CO3, EX3,
EX1, EX2, CO1, CO2

(Constant), CO3, EX3,
EX1, EX2, CO1, CO2

R72 0,963 0,928 0,926

R82 0,944 0,891 0,887
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TABLE IV.  ANALYSIS OF VARIANCE

Model ;uun;r%fs af Rt;g'h?rian F Significance
R72 547,947 6 91,324 409,448 ,000
R82 1002,675 | 6 167,112 258,653 ,000
TABLEV.  STUDENT T TEST
Dependent variable
5;?;32; Model R72 Model R82
t Significance t Significance
Constant 3,127 ,002 -1,990 ,048
EX1 13,743 ,000 -3,108 ,002
EX2 11,510 ,000 1,829 ,069
EX3 11,527 ,000 2,398 ,017
CO1 10,451 ,000 10,830 ,000
CO2 3,724 ,000 13,905 ,000
CO3 11,895 ,000 5,619 ,000

From the application of the Rapidminer tool we have the
results of applying splines for the determination of patterns.

Fig. 5 shows that in the RE82 model, students are assertive
in the handling of techniques, methods and tools, but they have
difficulties in the RE72 model in coping with learning. It can be
seen that between grades 13 and 17 students make the greatest
effort in learning and applying information technologies; it can
also be seen that from grade 18 onwards they culminate with
their learning.

— RE72 — REB2 — Profinal

Fig.5. R72_R82_PFINAL.

Fig. 6 shows the Student Outcome model 7.2 - RE72 which
deals with the average exam marks and average continuum
marks, indicating that students between marks 13 and 15 have
greater practical skills and greater difficulty in theoretical
learning; from the upper limit mentioned above, both theoretical
and practical aspects are combined to reach the desired level of
learning.
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— RE72 ProExa ~—— ProCon

Fig. 6. R72_PEXA-PCON.

On the other hand, Fig. 7 shows the Student Outcome model
8.2 - RE82 which deals with the average marks of exams and the
average of continuations, indicating that the student understands
the practice better through the use of techniques, methods and
information technology tools that work in parallel with the
proposed RE82 model; and the theory is adapted according to
the practice until mark 18, at which point they are combined with
the model, reaching the desired level of learning.

18 =7 2
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< i —
14 N 6
AN -
> e, SR
13 v 7’,/
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10
— RE82 ProExa — ProCon

Fig. 7. R82_PEXA-PCON.

From the result of the treatment of the qualification of the
performance indicators of the criteria contemplated for the
evaluation of the problems proposed and developed by the
students, those performance indicators (66 in total) are shown
that in the qualification scales have the scale value of Absent (>=
to 15%) and/or Regular (>=10%) that allows the teachers to pay
attention to reflect weaknesses to improve, and to complement
the analysis of the results. and based on the conclusions to raise
the improvement actions to raise the level of performance of the
students. These actions, when dealt with in the first class, session
of the following semester, also encourage students to take into
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account the fulfilment of the tasks to be completed in all the
indicators and thus have a high level of learning.

Table VI shows the performance indicators involved.

TABLE VI.  PERFORMANCE INDICATORS INVOLVED
Indicators Involved
Indicator Percentages Scale
Cod Name Absent Rlzgru Total
12 Organisation of information 6.70 11.30 18.00
13 New concepts 4.50 17.60 22.10
18 Search for models related to the 5 80 13.50 19.30
problem
20 Search for methods related to 760 14.90 29 50
the problem
21 Search for techniques related to 740 13.00 20.40
the problem
Search for tools related to the
22 problem 7.30 18.30 25.60
23 Search for the necessary skills 8.60 13.60 22.20
25 Research background 11.70 15.10 26.80
26 Configuration of tools (SW) 16.60 9.40 26.00
27 Installation of tools (SW) 17.30 6.20 23.50

28 Sharing information worked on | 16.00 12.60 28.60
Drawing up the comparative

30 table of methodologies 1510 3.30 18.40
Drawing up the comparative

31 table of methods 16.90 3.20 20.10
Drawing up the comparative

3 table of techniques 16.80 3.50 20.30
Drawing up the table of

34 necessary skills 16.30 7.90 24.20
Propose and support the IT

35 collected. 16.40 7.70 24.10

43 Others. 30.40 4.90 35.30

44 Selection of the best alternative | 18.70 7.00 25.70

50 IT requirements 15.10 13.20 28.30

51 Configuration 15.10 8.10 23.20

52 Installation 17.10 6.40 23.50

53 Prints Screen of results 12.10 11.50 23.60

56 Discussion or comments 30.60 3.50 34.10

58 WI?ItIn.g consistent with 11.50 18.00 2950
objectives

62 Other 20.60 14.80 35.40

It is also emphasised that many efforts are being made to
increase the learning levels of Peruvian students, such as the
effort being made by UNSA to apply Active Didactic Strategies
in the teaching-learning process in order to increase student
learning levels.

VII. DISCUSSION

There are several works in Education such as that of [27] in
the area of Data Mining; in the selection of computer project
teams; as well as in the area of those related to students'
academic performance from those of [19], [20], [25], [23], [26],
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[24], or to extract academic behavioural profiles such as that of
[21] or also that of [22] to help advise students and predict their
academic performance.

Having that the prediction of academic performance shows
challenges due to the varied factors that influence it as discussed
by [24] by referring to [H.A.A. Hamza, P. Kommers, 2018, and
M.M.A. Tair, AM. El-Halees, 2012], having that through
prediction by machine learning is instrumental in improving
education in various ways, by allowing early identification of
deficiencies, academic  difficulties, enabling timely
interventions and personalized learning plans.

In view of the above and nowadays the availability of
information technologies with sufficient capacity to process
large and varied types of data has allowed Data Mining
techniques to evolve and allow obtaining, processing and
detecting information from large amounts of data tools Nghe et
al., 2007, cited in [25].

This study uses IBM SPSS Modeler v. 21 software for
statistical analysis of the data to determine relationships and
Rapidminer software to determine the presence of patterns,
showing the potential of techniques and algorithms that respond
to the stated objective by applying simple data analysis tools.

Continuous monitoring promotes quality assurance,
accountability and a competitive advantage for institutions.
Overall, it empowers educators to provide targeted support to
plan and make improvement decisions, leading to better student
outcomes and a more responsive education system as manifested
in [24].

A variety of techniques are also used that based on different
algorithms allow the processing of data from a given storage
source and the evaluation of the results provided to make
appropriate decisions.

VIII. CONCLUSION
The following conclusions are reached:

The R72 model considers the Student's t-test which is highly
significant, which means that the prognosis that can be obtained,
the results are totally valid; that is to say that if the same
teaching-learning process is applied the result is going to be very
similar. Because there is a high relationship between the RE72
(Student Outcome 7.2) and its evaluation process, where the
Snedecor's F-test is highly significant. That is, in the teaching
and learning process the students have finished learning.
Similarly, the R82 model shows similarity with respect to the
RE72 model.

According to the result of the analysis students have some
difficulty in creating results (in the Deliverable Report) of
creating the product. There is a problem in the starting point of
the course; and they start to understand in Col (Continuous
Assessment 1) that deals with the development of the first two
(2) problems; which is not enough to pass the EX1 (Exam 1);
and from CO2 (Continuous Assessment 2) they correct
themselves noticing the improvement in the learning and they
manage to finish the learning.

The students in the RE82 model show assertiveness in the
handling of techniques, methods and tools; however, in the

Vol. 15, No. 9, 2024

RE72 model they present certain difficulties in dealing with
theoretical learning and at the end of the period they complete
their learning.

The Student Outcome model 7.2 - RE72 PEXA-PCON,
indicates that the student, in certain sections, presents greater
skills for practice and in other sections greater difficulty for
theoretical learning; however, from the upper limit, both the
theoretical and practical aspects are combined, reaching the
desired level of learning.

The Student Outcome Model 8.2 - RE82 PEXA-PCON,
indicates that the student understands the practice better through
the use of techniques, methods and information technology tools
that are performed in parallel with the proposed RE82 model in
many sections; and the theory is adapted according to the
practice until the upper section, where they are combined with
the model, reaching the desired level of learning.

It is possible to determine the highest and lowest
performance indicators to which attention should be paid by
complementing the factors that influence the lower performance
of students and thus plan future improvement actions that allow
better performance of students and their level of learning to be
at a high level. This is an advantage over other forms of
assessment, as it leads to the rating of each Performance
Indicator involved in each Criterion, which in its analysis and
evaluation makes it possible to determine the status level
according to its rating scale and to make decisions to improve
student performance.

It allowed us to see the additional particular consideration
that can be given to a system by considering, for example, the
Hierarchy of levels that the evaluation system contemplates
from Faculty, Professional School, Course, Academic Year and
Semester, Theory Group, Laboratory Group and Subgroup,
Problem.

It allowed to visualise the future applicability of the analysis
that can be carried out by the use of other Active Didactic
Strategies that are used in other courses in the teaching-learning
process.

It is recognised that the scope of future application can be
extended to other courses of the EPIS Syllabus, to other
Professional Schools of the Faculty, as well as Professional
Schools of other Faculties and thus be able to obtain results at
Faculty Level, University of the application of the Evaluation by
Performance Indicators determined for each of the Criteria
contemplated, which differs as a working method with respect
to the treatment of students® performance dealt with by other
works, for the development of students’ Competences when
applying Active Didactic Strategies in the teaching-learning
process.
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