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1. INTRODUCTION

A highly competitive international context, student retention in educational institutions has become
a critical challenge to ensure the success and quality of higher education [1]. Student retention is a key
indicator of the effectiveness of an academic program and can have a significant impact on the reputation and
performance of an institution [2]. In this regard, tutoring has emerged as a promising strategy to improve
student retention worldwide [3].

Tutoring is an educational approach that seeks to provide individualized support to students,
offering guidance and personalized assistance in academic areas [4], study skills and adaptation to university
life [5]. These tutorials can be conducted by professors, specialized tutors or even more advanced students
acting as mentors [6]. The benefits of tutoring go beyond academic support, as they also foster students'
personal development, motivation and sense of belonging [7]. Despite efforts to improve student retention,
attrition remains a persistent challenge in many higher education institutions worldwide. Lack of
individualized support and insufficient adaptation to the university environment are factors that contribute to
student dropout [8]. In this regard, tutoring has been recognized as an effective strategy to address these
problems and improve student retention [9]. However, although it has been shown that tutoring can have a
positive impact on student retention, its implementation and effectiveness may vary according to the context
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and characteristics of each institution. There is a need to better understand how tutoring influences student
retention in the College of Engineering, specifically, and how more effective tutoring programs can be
designed to address the particular needs and challenges of engineering students [10].

The importance of this research lies in its potential to inform decision making and strategic planning
in the implementation of mentoring programs in the College of Engineering and potentially in other
educational institutions internationally [11]. By better understanding how tutoring can influence student
retention, more effective and personalized strategies that promote engineering student retention can be
designed [12]. This research will directly benefit the College of Engineering, its faculty, tutors, and students
by providing tools and knowledge that will enable them to improve student retention and academic success.
In addition, the academic community and educational institutions in general will also benefit by having a
greater understanding of the dynamics and factors that influence student retention through tutoring [13].

This study proposes to use system dynamics (SD) models to predict how tutoring will affect the
likelihood that students will remain in the School of Engineering [14]. As part of this process, it is necessary
to build a model that accounts for the interaction among the many components of the system, including the
tutoring program, students, faculty, and other aspects [15]. This model can be used to simulate and analyze
the impact of various tutoring tactics on student retention, allowing for predictions and evaluations. The
present research aims to provide a deeper understanding of how SD modeling can be applied to forecast the
impact of tutoring on the retention of engineering students. SD modeling is an analytical tool that allows
simulating and predicting the behavior of a complex system over time, considering the interactions between
its different components.

2. LITERATURE REVIEW

Aggarwal et al. [16], emphasize that academic institutions are placing increasing emphasis on
employing various data mining approaches to improve student performance. To enable early adoption of
preventive interventions, predictive models are created to forecast student performance at an incredibly early
level. Using a variety of classifiers, various academic and non-academic characteristics are taken into account
to predict student performance. Academic indicators often carry more weight in predicting a student's
performance in class. In this essay we compare the two models, one created using only academic parameters
and the other using both academic and non-academic parameters. The main student data collection, which
included information on 6,807 individuals and attributes, was obtained from a technical university in India.
To handle the biased data set, a synthetic minority oversampling approach filter is used. Eight classification
algorithms are used to build the models, which are then compared to determine the features that will best help
classify a student based on performance.

Research on measures of college student retention often focuses on the issue of dropout. However,
few studies have examined when and how best to identify students at risk of dropping out.
Ortiz-Lozano et al. [17], used demographic and academic information from 935 first-year students at a
Spanish engineering school to perform a classification tree-based dropout prediction analysis. They also used
data obtained at three points in time throughout the first semester of the first year to build predictive models.
The results they obtained coincide with those of other research highlighting the importance of intervention in
the first year to reduce dropout rates. Academic performance data are also a useful predictor.

On the other hand [18], they state that students from all academic fields, not only engineering, can
learn and contribute to this exciting field of study. This paper presents research that will be incorporated into
a didactic module on the subject, and was written by graduate students in electrical, industrial and mechanical
engineering. Academics and specialists in the field collaborated in the development of this program. Various
types of sensors are being investigated to track gait and determine a person's susceptibility to falls. The
current status of balance-related sensor technologies is being studied. Models of human standing balance are
being studied, and a simulation tool was created to allow them to experiment with different values of the
model parameters. In this way, engineering students can test the relevance of their studies to solve a pressing
social problem. This study details the structure to be used in an educational module that will introduce
graduate students to multidisciplinary research topics, while reinforcing the understanding of engineering
fundamentals at the undergraduate level through experiments and simulations of equilibrium dynamics.

Discrete event simulation (DES) and SD are two different types of simulation, and Tako and
Robinson [19], in their research, perform an experimental analysis on an analysis of students to predict the
impact of tutoring. However, they mention that not enough previous comparative work has been done, and
much of what has been done is based on the subjective opinions of the authors. In this study, the opinions of
engineering student managers were used to compare and contrast student retention with an identical
simulation model and SD. The research concluded that, from the perspective of the end users of the model,
there are no discernible differences between DES and SD in education. Differences in model complexity and
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validity were found to be rather small. The results were examined in a SD to understand and analyze the
impact of tutoring on engineering students.

Student success can be measured in terms of exam results and course completion using this tool. It
does this by analyzing a data set consisting solely of details on students, degrees and courses of study
routinely collected by university administrations. The online resource makes available the results of
numerous analyses. Also, Prada et al. [20], perform an analysis of student data in a low-dimensional
representation using clustering and visualization helps to identify trends. Coordinated visualization of
aggregated student performance in histograms, which are automatically updated based on custom filters
applied interactively by an analyst, can help validate assumptions regarding a group of students. The extent to
which students' behavior in a given grade depends on the courses in which they are enrolled can be better
understood by classifying students who have already graduated into three performance levels using
exploratory variables and early performance information. Similarly, Drago et al. [21], synthesize that the
causes of dropout can be better understood by analyzing the effect of explanatory variables and early
performance on the probability of graduation. The final implementation of the web tool for this project was
defined by preliminary testing with engineering student data from the six partner institutions [22]. Initial
classification and elimination results were satisfactory, with accuracies above 90% in some cases. They
analyzed the potential of the tool to help develop preliminary student profiles and its usefulness in light of the
objectives set.

Finally, Destin et al. [23], detail that adolescents, in particular, are susceptible to seeing their own
attitudes and behaviors influenced by those of their peers. However, experimental studies have not shown
that closer and more experienced peers can have a beneficial effect on key characteristics of student
motivation that predict later academic performance. Eighth graders were randomly assigned to either a
mentoring treatment group or a mentoring control group, both led by randomly selected and trained high
school students, and the results were analyzed in a randomized, controlled field trial. Results showed that,
compared to the control group, individuals in the treatment group were more likely to appraise academic
obstacles and persist through them, which could have significant implications for academic performance and
peer tutoring programs.

In reviewing the selected research articles, several findings and the importance of mentoring in
college student retention were identified. Also, by evaluating the current state of research, new ideas were
obtained to make the research innovative. For all these reasons, an exhaustive bibliographic study was carried
out. This analysis will allow better decisions to be made and winning tactics to be created. The overall goal
of this literature review is to foster the growth and success of mentoring in engineering students through the
use of data-driven strategies.

3. METHOD

Understanding and addressing the complexity of dynamic systems requires an analytical and
modeling technique known as SD method. It is based on the concept that systems are networks of parts that
change and adapt over time through mutual interactions. Flow diagrams or causal diagrams are used in SD to
graphically illustrate causal links and the exchange of data [24], energy or other substances between system
nodes. These diagrams show how a single adjustment of a variable can have far-reaching effects on the rest
of the system. In other words, the consequences of one action can influence the future behavior of the system.
This helps us understand the nonlinear behaviors and dynamics of complex systems by showing how changes
in one area of the system can have cumulative or delayed effects on other parts. Figure 1 shows the
relationship of SD method to information, decision and action.

3.1. Causal diagram

A causal diagram is a graphical representation of the links between system variables that reveal their
underlying causes. Each variable is represented by a box or node, and the connections between them are
shown by arrows. These arrows represent the relationship between two variables when one of them is altered.
By representing the interrelationships and dependencies between variables, the causal diagram helps to
pinpoint the causes of system behavior [25]. It is also useful for finding feedback loops, which are cycles of
influence between two or more factors. There are two types of feedback loops: positive feedback, in which
the change in one variable promotes the change in another, and negative feedback, in which the change in
one variable act to rectify or compensate for the change in another. The causal diagram is a useful tool for
analyzing complex systems because it highlights possible sites of intervention and helps us to see how a
change in one variable can have knock-on effects on others. Figure 2 shows a causal diagram modeling of the
impact of tutoring on engineering student retention.
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Figure 1. SD method
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Figure 2. Causal diagram of Ramirez [26]

3.2. Forrester's diagram

Forrester diagrams sometimes referred to as stock-flow diagrams and flow diagrams, are used in SD
to graphically illustrate the time-varying behavior of a system. Stocks are represented by boxes or nodes,
while flows are represented by arrows entering or leaving the stock [27]. Stocks, inventories and financial
assets are examples of stocks, while cash flows are examples of how stocks fluctuate over time. This type of
chart allows us to model and understand the evolution of variables in response to flows and their associated
causal links. The Forrester diagram to analyze data for good informed decision making on interventions or
policies because it illustrates the accumulation or depletion of stocks over time and the non-linear
interactions between factors in a system. Figure 3 shows a Forrester diagram modeling the impact
relationship of tutoring on student retention.

3.3. Formulas

A system model is represented by formulas, which are mathematical tools used in SD. These
formulas make it possible to determine the values of variables as a function of other variables and system
characteristics. These equations make it possible to model and simulate various scenarios, to understand the
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dynamics of complex systems and to evaluate the results of possible interventions or policies. The formulas
used in SD can be as simple as an addition or multiplication, or as complex as an equation that includes
growth rates, feedbacks or interactions between variables. These equations provide a quantitative framework
for understanding the temporal and interdependent nature of system variables, allowing more informed
decisions to be made and more effective strategies to be developed to improve system performance and
functionality. Table 1 shows the formulas for SD simulation to improve the quality of models on tutoring in
student retention.
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Figure 3. Forrester diagram of Ramirez [26]

Table 1. Simulation formulas
Variables Formulas
Alumni=students+qualified entrants-studies-Bica
At-risk students=Bica-dropouts
Baccalaureates=baccalaureates*0.30
Ratio=max (graduation rate * graduates)
Student recruitment=capable+competency training
Semester revaluation=number of classrooms+semester
Loop=Attendance rate*workshop rate
Mentor teachers=teachers+psychology
Entrants=applicants*entrant rate
ARA rate=Student attendance/operational workshops
Psychology=underperformance+Competence training
Deaths per semester=Bica+dead

e e
REBowo~vwourwhek

3.4. Data

Research, modeling and validation of system models rely heavily on data in SD. Measurements are
examples of the types of information that constitute data. Input data for simulations, model validation and
fitting, and initial value estimation depend on these data. In addition, the data can be used to calibrate and
evaluate model formulas and relationships, ensuring that they accurately represent the behavior of the real
system. The data can be used to test model assumptions and hypotheses, ensuring that the model is as
accurate and reliable as possible. In addition, the performance of the model and its ability to anticipate
system behavior under various scenarios can be evaluated by comparing simulation results with actual data.
In conclusion, the understanding and analysis of complex systems relies heavily on SD data, which is crucial
to both support and improve the quality of models on tutorials in the retention of undergraduate engineering
students Table 2.
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Table 2. Data for the sample of results
Num Data

Workshop rate=1%

Variation=100

Engineering student population=0.2

ARA students=3.50%

Dropout rate=4.2%

Student recruitment=20
Baccalaureate=20%

Production competence training=42%
Engineering degree=2%
Psychology=30%

Workshop rate=28%
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4. RESULTS AND DISCUSSION

The results of a SD model can be understood by analyzing simulated data and trends. The study of
SD reveals the interaction and change of system variables over time. Therefore, the goal of SD analysis is to
recognize emerging behaviors and trends in model variables. The results of the SD can be understood
through the underlying causal diagram and Forrester diagram and the knock-on effects of these changes. The
possible domino effects of these alterations and their temporal progression are investigated. The long-term
effects on the impact of tutoring on the retention of engineering students are also investigated. Additionally,
Ortiz-Lozano et al. [17] used information from 935 first-year students from an engineering school to perform
a dropout prediction analysis by applying a classification tree, and predictive models were built. The results
obtained focus on intervention in the first year to reduce school dropout rates, with data on academic
performance being a predictor. The difference is that the first uses simulation at a certain time and the second
makes predictions by applying data mining.

Students who have dropped out are represented in Figure 4 one curve (labeled "Dead") represents
students who have had to abandon their studies, while the other (labeled "Graduates") represents those who
have successfully completed their degrees. Fortunately, the number of "Graduates™ has always exceeded the
number of "Dies". However, because of this ratio, it was necessary to prepare a larger number of students
when tutorials were initiated to replace the "Dies" lost to academic measures.

Deaths Alumni
250

Students

Opei—— ¢ 1
2022 2023 2024 2025 2026
Years

Figure 4. Sample results of graduating students vs. graduates

At-risk students, of which there is a drop in the number of students, and graduates who are then
baccalaureate degree holders cause a significant drop in the student population. Also, with the oddity that the
number of students at academic risk is higher than graduates, this indicates that professors are more focused
on leveling students who are at risk rather than thesis advising. Figure 5 shows that the main concern of
university administration should be to avoid a drop in the student body as a consequence of the large number
of Academically At-Risk students expected to graduate without a degree in the years 2022, 2023.
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Figure 5. Sample results of good and average students-students at academic risk

Figure 6 shows the three types of graduates and the percentage of those who do not graduate and are
therefore referred to as "old graduates™”. Graduates are not particularly motivated to complete their degrees
through research and this lack of interest is reflected in the low average completion rates (7%) between 2022
and 2023; this indicates a systemic and institutional failure in engineering education. However, between 2023
and 2026, the number of research-based degrees (dissertations) awarded is expected to increase by 50%,
which is a positive sign to engage universities in becoming research leaders.
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Figure 6. Published engineering thesis students in the institutional repository

5. CONCLUSION

In conclusion, the SD modeling helped to have a much better vision of the students with retention,
especially in the engineering career. In this way, a tutoring proposal was provided to encourage students to
continue their studies, model from 2022 to 2026. Thanks to the modeling, research degrees will be
encouraged, reaching a 50% participation rate. This increase is a positive indicator encouraging universities
to become research protagonists. The method used was SD, which consists of two diagrams, causal and
Forrester. Also, with the help of Vensim software, it was possible to model the retention of engineering
students. A limitation of the research work is that it was not possible to contact all the students to interview
on the impact of tutoring on the retention of engineering students. In future work, it is suggested to
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complement this with a worldwide study on the impact of tutoring in universities. Also, to perform modeling
with other software such as Stella and Dinamo.
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