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Abstract: Computer science is a dynamic field of study that requires constant review and updating of
the curricular designs in academic programs—in general, measuring the impact of plan changes has
been little explored in the literature. In most cases, it focuses only on structuring its curricula, leaving
aside several factors associated with important events or facts such as student dropout, retention,
and inclusion. However, these features provide academic institutions with many opportunities to
understand student performance and propose more effective preventive/corrective actions to avoid
dropouts. This work focuses on the curricular changes’ influence on student gender imbalance,
socioeconomic provenance, and dropout. Specifically, we employ three different approaches for
our analysis: (i) a longitudinal study of four curricula from informatics engineering to computer
science transition at San Pablo Catholic University, (ii) an exploratory analysis for identifying essen-
tial features that determines the events mentioned above, and (iii) a survival analysis to estimate
the probability that a student will stay (not dropout) before graduate, and calculate the average
permanence time per curricula. Our analysis shows that the female student rates decreased, student
rates from lower socioeconomic provenance increased, and the dropout rates were reduced with
updates towards an internationally standardized curriculum. This is even strongly evidenced when
the program changes its name. Finally, the set of techniques employed in this work composes a
statistical mechanism that can be replicated/adapted to any other program in computer science
aiming to extract valuable insights to support the decision-making process in educational institutions.

Keywords: curricular design; inclusion; student dropout; survival analysis

1. Introduction

The central concern of curricular design is to ensure students’ academic success. It
is a dynamic, emergent, and collaborative learning process for students and teachers [1].
Generally, a curricular design is guided by three questions: What do our students need to
learn? How can we help our students learn? How do we know our students have learned? [2].
Therefore, understanding the influence of the educational variables, such as the type of
curricular design, is a relevant key to preventing various educational phenomena, such as
student dropout [3] and the unbalancing of gender.

The curricular design could be a critical aspect that affects dropouts differently. This
problem primarily occurs with fields of study that evolve rapidly in time, manifesting
itself with an increase in the number of courses; this is the case in computer science.
Student dropout research differs in the data used, such as scholarship [4], academic
grades [5–7], student residence and provenance [8], and socioeconomic status [9]. However,
recent studies evidence the relationship between different curricular designs and student
dropout [3,10,11]. On the other hand, the study of gender differences in computer science
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and related areas has captured the attention of many researchers, as shown in [12,13].
One of the focuses of interest is to understand if the negative stereotypes of women are
decisive when choosing a career related to computing. Furthermore, other studies explore if
socioeconomic variables impact academic performance in computer science programs [14].
Although various investigations focus on the influence of gender and socioeconomic level
in universities, there are only a few reports on how these variables react to changes in
curricular design. This paper presents a case study that explores the impact of different
computing curriculum designs on educational phenomena such as student inclusion and
dropout. First, we report some evidence of our experience of the curricular reform at the
San Pablo Catholic University (UCSP, for its acronym in Spanish) from Peru. We then
discuss the transition between curricula from informatics engineering to computer science
and how these changes influence the proportion of gender, socioeconomic level of the
provenance location, and student dropout in various contexts.

2. Contextualization

Computer science undergraduate programs in Latin America have been influenced by
various trends worldwide since their inception. In the following, we will describe four main
factors that we consider to have affected the evolution of these undergraduate programs.

(a) Computer Science/Informatics. Undergraduate programs in computing in Latin
America have been influenced since their inception by two trends, which have both
emerged since the late 1940s: the Anglo-American with the term computer science
and the European with the term Informatics. In practice, the international scientific
community considers both terms synonymous. They refer to the study of computers,
including the theory of computation, software design, and algorithms, and the way hu-
mans interact with technology. Computer science/informatics and six other branches
of computing are currently regulated based on the world standard called Computing
Curricula [15]. This standard was developed in cooperation with institutions such as
the Association for Computing Machinery (ACM) and the Computer Society from
the Institute of Electrical and Electronics Engineers (IEEE-CS) and propose guidelines
to undergraduate programs in computing-based areas. Other institutions such as
the International Federation for Information Processing (IFIP, Europe) also support
this standard. This trend in computer science has a strongly marked presence in
Brazil. On the other hand, there is also a significant presence of computer science
programs in Argentina, Chile, and Mexico, although they still maintain a diversity
of nomenclatures. In the rest of the Latin American countries, this trend is not very
significant or is in an initial stage.

(b) Systems engineering in English-speaking countries. Another essential factor to be
considered in this context is the term Systems Engineering that emerged in the 1940s
in the USA and was defined as the engineering discipline that deals with complex
engineering problems requiring multidisciplinary approaches, including management
aspects. This trend is currently regulated by the International Council on System
Engineering (INCOSE) and exists mainly in English-speaking countries.

(c) Systems engineering in Latin America. In addition to establishing Systems Engi-
neering (in the 1960s), the activity generated by companies such as IBM emerged. To
manage its installed computing solutions, IBM created a job position called a Systems
Engineer, which a person of any professional background could fill. Then, from this
required position in the market, several Latin American countries such as Colom-
bia, Peru, Ecuador, and Venezuela, among others, began to create undergraduate
programs under the name Systems Engineering. This regional version of Systems
Engineering consists of topics related to Business, Marketing, Accounting, Admin-
istration, Economics, Organizational behavior, Indus- trial Engineering, Electronic
Engineering, and the content of some parts of the seven standards of Computing
Curricula (ACM, CS-IEEE).
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(d) Computer Engineering in Spain. As in Latin America, the terminology of Systems
Engineering is common; in Spain, this convergence led to “Ingeniería Informática” (infor-
matics engineering). However, after adhering to the Bologna agreement (in 1999), the
need to standardize and internationalize the content of these careers arose. At present,
for historical reasons, this denomination is still maintained. Still, each computer-
related program is being built or aligned based on one of the seven programs proposed
in the Computer Science Study Plans (ACM, CS-IEEE).

In the case of Peru, there are currently around 90 professional programs related to
computing. Of these programs, 94% follow the trend described in (c) with adaptations
from (d), and only 6% of the undergraduate programs follow the direction described in (a),
mainly focused on the computer science standard. In this work, we use the undergraduate
program in computer science at the San Pablo Catholic University in Peru as our case study.
This program started in 1999 under the name of “Ingeniería Informática” (informatics
engineering), strongly marked by the trend of (c). Then, early in its history, in 2001, it began
its internal transformation towards the computer science standard. Finally, in 2010, having
changed the vast majority of courses, the name was formally changed from “Ingeniería
Informática” to “Ciencia de la Computación” (Computer Science). After that, the computer
science standard has continued to the present day.

3. Related Work

Despite the fact that computer science (and related computing programs) is young and
rapidly developing compared to most other programs, it has proven to be extremely popular
in recent years. In recent work, Savic et al. [16] investigated the diverse motivations that
students have for studying novel programs such as computer science. These motivations
range from an affinity for science and the constant advancement of technology, making
this knowledge more understandable than in a traditional career. It is therefore essential to
have a solid curricular design that meets the demands of students and aligns with what the
world trend requires [1]. Furthermore, an ideal curricular design implies the knowledge
of computer software and mathematical and statistical foundations that help implement,
interpret, and communicate its results.

As in many exact science programs, the proportion of female students is lower than
that of male students. Different investigations report the preference, development, and
adaptation of the female gender in computer science programs [12,13,17]. However, many
other variables impact academic performance, such as social, economic, or circumstantial.
For instance, as mentioned in [14], there is a solid and positive relationship between socioe-
conomic status and academic achievement. The research question proposed by [14] consists
of identifying the variables between socioeconomic status and computer science achieve-
ment. Miranda et al. [14] explore the influence of socioeconomic variables, commenting on
the actions to be taken to mitigate the problems and impact on academic achievement. It
represents one of the first efforts to study the effect of the student’s socioeconomic origin
and residence on their university studies.

Understanding the student’s success in computer science and exploring, various
aca- demic phenomena such as retention and university dropouts is an essential topic for
universities. For instance, Pappas et al. [18] investigated students’ intention to complete
their studies in computer science using variables such as year of studies, students’ effort,
expected GPA, current GPA, absence from classes, gender, and others. Furthermore, we can
find more specific studies on student retention in computer science courses such as “Data
Structures and Algorithms”. Christoph et al. [19] showed that gender alone is not enough to
predict students leaving the program after this course despite reporting a desire to continue
their studies. In general, design curricular changes seek a structural reorganization in any
career that will facilitate the opening of access, permanence, and continuity in studies, but
also a privileged opportunity to update and improve teaching and assessment processes.
Mendez et al. [20] propose a practical test of learning analytics to extract insights on the
nature of current performance in the computer science program.
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Note: While various investigations explore the impact of variables such as gen-
der, socioeconomic status, and student preferences on success in a computer science
program, to the best of our knowledge, there are no longitudinal studies that report:
(i) how these variables are reflected in time, and (ii) how curricular changes impact phe-
nomena such as student dropout, gender balance at universities, and the inclusion of
students from locations with low-income socioeconomic.

4. Research Questions

This study explores the influence of curricular changes in various contexts. The first
two questions are associated with the balance of students according to gender and socioe-
conomic origin. The last four questions are related to the problem of academic dropout.
Therefore, we formulate the following research questions that guide our data analysis.

RQ1: Did the different curriculum designs have an impact on students’ gender proportion?
RQ2: Did the different curriculum designs impact the proportion of students according

to provenance location socioeconomic level?
RQ3: Did the different curriculum designs have an impact on students’ dropout rates?
RQ4: What was the impact of gender and provenance location socioeconomic level on

student dropout rates?
RQ5: Did the different curriculum designs have an impact on student’s permanence time?
RQ6: What variables are most decisive in predicting the permanence time before

dropping out?

5. Materials and Methods

In this section, we present the setup used for our study. First, we introduce the dataset
employed for our study, and we then present an exploratory analysis from the data.

5.1. Data Set

As commented above, we employed data from the Computer Science program at San
Pablo Catholic University in Peru. It began in 1999, with the name Informatics Engineering.
In 2011, the program’s name was formally updated to Computer Science. We obtained
these data with the collaboration of the IT department, which was responsible for masking
sensitive data. Thus, we do not have access to the students’ names or personal information.
The personal masked identity (in short, MaskPerson_ID) is unique based on this dataset.
MaskPerson_ID is different from MaskStudent_ID. If a person is withdrawn from the univer-
sity and then reinstated, they will do so with a new MaskStudent_ID. Our dataset comprises
1355 students, where 706 are Informatics Engineering students, and 649 are Computer
Science students. In general, we grouped the available features as follows:

(a) Demographic data consists of general information about students, such as person
identifier, gender, marital status, date of birth, age, provenance location, residence
location, and high school type.

(b) General academic data are data linked to universities. One variable is the name of
the curriculum design, which assumes values of IE1, IE2, CS1, and CS2. Additionally,
we have the admission semester. In the same vein, we have the name of the enrolled
semester, which can be regular or not. For example, 2001–01 and 2001–02 are regular
semesters, and other configurations are non-regular semesters. They are resources
that satisfy the number of hours and credits as summer courses. The completed
semester represents the practical semester of study, assuming a unique value between
1 and 10. For example, a student may have enrolled in five periods and have only
two semesters completed; this occurs because the student failed some courses. The
scholarship represents the state of whether or not it has financial funding. Finally,
student status assumes the following values: graduated, regular, reserved, separated,
retired, and transferred.

(c) Academic data by course is related to the enrolled courses. Based on the courses, we
have attributes of course code, course name, type of course (compulsory or elective),
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course grade (on a scale from 0 to 20), weekly hours per course, number of credits per
course, hours of absence per course, and reservation status per course.

Based on the collected data described in items (a), (b), and (c), we selected some
variables and recalculated others, considering that they have a reasonable correlation with
the variables that define the gender of students, provenance location socioeconomic level,
and dropout status. These attributes are decisive to respond to the research questions
formulated in Section 4.

We use MaskStudent_ID to calculate the number of student IDs (NumStudent_ID). In
a similar context, we processed the name of the curriculum design to determine for each
student the initial curricular design (Initial_CD), the final curricular design (Final_CD), the
number of curricular designs (Number_CD), and the variable that defined if the person
changed the curricular design or not (Changed_CD).

To understand the impact of curricular changes on inclusion phenomena in computer
science, we used nominal variables that define gender and location of origin. The variable
student’s gender (Gender) is not modified. However, we processed the name of the
provenance location. We used the 2019 Peruvian Human Development Index 1 (in short,
HDI) data to have a socioeconomic measure of the location provenance. Briefly, HDI
measures the average gain in three basic dimensions of development: a long and healthy
life, access to knowledge, and a decent standard of living. We linked the Peruvian HDI
data to the provenance location for each student and created a new variable that represents
the provenance location socioeconomic level for each student.

We labeled this variable Socioeconomic_Prov, which can be high, medium, or low. The
provenance location is classified with a high level when the HDI is higher than 0.7. Medium
level occurs when the HDI is between 0.55 and 0.7. Otherwise, the provenance location has
a low level.

A large amount of research that addresses various phenomena in higher education
reveals that academic variables tend to be the most determining. One of them is the
variable that defines whether the student has a scholarship or not (Scholarship). There-
fore, we process the information described in (b) and (c) to obtain variables such as
the final grade point average (Final_GPA), the mean of enrolled courses per semester
Courses_Mean, the proportion of faulted courses concerning the total number of enrolled
courses (Faults_Courses), the proportion of faulted courses by the absence with the total
number of enrolled courses (Absences_Courses), the proportion of reservations about the
total number of enrolled courses (Reservations_Courses), and the proportion of non-regular
semesters concerning the total number of enrolled semesters (NonRegular_Prop).

In addition, we consider a student as dropped out when their student status is sep-
arated, retired, or transferred. Otherwise, the student did not drop out. Therefore, we
introduce a variable that defines the dropout status (Dropout). Finally, as time variables,
we have the semester of admission to the university, the number of completed semesters,
and the number of enrolled semesters denoted by Admission_Sem, Completed_Sem and
Enrolled_Sem, respectively. We briefly describe and classify the attributes used in Table 1.

5.2. Exploratory Data Analysis

Our analysis seeks to understand the impact of curricular changes in our dataset. Over
the years, the program of computer science employed four curriculum designs named
IE1, IE2, CS1, and CS2 that started in 1999–01, 200–02, 2011–01, and 2016–01, respectively.
In Figure 1, we represent student transition in the four curricular designs; we use an
entry and exit scheme to provide an overview of these data using the attributes Initial_CD
and Final_CD. It shows that 372 students started in IE1; however, 100 of them changed
curricular design to IE2. We have detailed this information by each admission semester in
Figure 2. One can observe students with different curricular designs in the same admission
semester. This phenomenon occurs due students with a reserve starting their studies later
with a previous curricular design. For instance, in 2006–02, we can notice 23 students of
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IE1 and 11 students, at that time, in the recently created IE2 (www.pe.undp.org, accessed
on 23 February 2022).

Table 1. Description of the data attributes collected from each student at the studied university.

Label Name Description Type

MaskPerson_ID Masked person identifier Nominal

MaskStudent_ID Masked student identifier Nominal

NumStudent_ID Number of student identities Discrete numeric

Initial_CD Initial enrolled curricular design Nominal (IE1 or IE2 or CS1 or CS2)

Final_CD Final enrolled curricular design Nominal (IE1 or IE2 or CS1 or CS2)

Number_CD Number of enrolled curricular designs Discrete numeric

Changed_CD Whether the student changedcurricular design Nominal (Yes or No) or not

Admission_Sem Admission semester to the university Nominal (from 1999–01 to 2020–02)

Gender Gender of student Nominal (Male or Female)

Socioeconomic_Prov Provenance location socioeconomic level Nominal (High or Medium or Low)

Final_GPA Final Grade Point Average Continuous numeric

Courses_Mean Mean of enrolled courses per semester Continuous numeric

Faults_Courses Proportion of faulted courses in relation to the
total number of enrolled courses Continuous numeric

Absences_Courses Proportion of faulted courses by absence Continuous numeric

Reservations_Courses Proportion of reservations in relation to the total
number of enrolled semesters Continuous numeric

NonRegular_Prop Proportion of non–regular semesters in relation
to the total number of enrolled semesters Continuous numeric

Scholarship Whether the student has a scholarship or not Nominal (Yes or No)

Completed_Sem Number of completed semesters Discrete numeric (from 1 to 10)

Enrolled_Sem Number of enrolled semesters Discrete numeric

Student_Status Student’s current status Nominal (Graduated or Regular or Reserved
or Separated or Retired or Transferred)

Dropout Dropout status Nominal (Yes or No)

Figure 1. Scheme of student transition among curricular designs using Initial_CD and Final_CD.

www.pe.undp.org
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Figure 2. Number of students according to Admission_Sem and Initial_CD.

Additionally, Table 2 summarizes the distribution of students who changed curricular
design or not. For example, of the 297 students who enrolled in CS1, we have 40 of them
who changed CS1, which represents 13% of the total students enrolled in CS1. This value is
approximately half the value obtained in IE2, whose percentage is 28.74%.

Table 2. Distribution of students according to Initial_CD and Changed_CD.

Initial_CD Number of Students
Changed_CD

No (%) Yes (%)
IE1
IE2

372
334

272 (73.12%)
238 (71.26%)

100 (26.88%)
96 (28.74%)

CS1
CS2

297
352

257 (86.53%)
352 (100%)

40 (13.47%)
–

Table 3 summarizes the number of students for each curricular design, grouped by
Gender and Socioeconomic_Prov. For example, of the 372 students who started at IE1, 29.84%
are women, while in the current curricular design (CS2), the proportion of female students
decreased significantly, with 13.35% of female students.

Table 3. Distribution of students grouped by Initial_CD, Gender, and Socioeconomic_Prov.

Initial_CD
Gender Socioeconomic_Prov

Male (%) Female (%) High (%) Medium (%) Low (%)
IE1
IE2

261 (70.16%)
243 (72.75%)

111 (29.84%)
91 (27.25%)

294 (79.03%)
260 (77.84%)

74 (19.89%)
59 (17.66%)

4 (1.08%)
15 (4.5%)

CS1
CS2

243 (81.82%)
305 (86.65%)

54 (18.18%)
47 (13.35%)

214 (72.05%)
233 (66.19%)

63 (21.21%)
106 (30.11%)

20 (6.74%)
13 (3.7%)

Most students come from a high level of Socioeconomic_Prov. We note that, of the
352 students enrolled in CS2, only 13 are students with low socioeconomic provenance.
This value represents 3.7% of the total students enrolled in CS2. In addition, it seeks
to understand the changes in curricular design. Visually, we illustrate in Figure 3 the
distribution of students by Changed_CD. Of the 1355 students, we found that 236 changed
their curricular design. We can see that the changes in curriculum design were less frequent
after 2016–01.

Figure 3. Number of students according to Admission_Sem and Changed_CD.



Educ. Sci. 2022, 12, 242 8 of 18

6. Results

In this section, we describe the results of the research questions given in Section 4.

6.1. (RQ1) Did the Different Curricular Designs Have an Impact on Students’ Gender Proportion?

As mentioned in [12,13], the gender balance in the computer science field is still a
problem today. It is common to have a lower proportion of female students than male
students. This situation is also usual at UCSP. In Figure 4, we represent the number of
students for each semester of admission and its distribution by gender. Visually, we can see
that the proportion of female students (in dark green) decreased over time.

Figure 4. Number of students according to Admission_Sem and Gender.

Considering the third and fourth columns of Table 3, we find the distribution of the
students by gender. Therefore, when applying the Chi-square test to this data distribution,
we obtain p < 0.001. This value shows a significant dependence between student gender and
curricular design. Focusing our analysis on female students and observing the curricular
design IE2 and CS1, we noticed it went from 27.25% (in IE2) to 18.18% (in CS1). This
indicates a percentage reduction of 9.17%.

Even when comparing the first and last curricular designs, we observe that the per-
centage of women in CS2 (29.84%) is less than half that of women in IE1 (13.35%). Therefore,
we conclude that the rate of female students decreased with the curricular changes. Based
on the values of Table 4, we noticed in IE2 that 27.47% of female students changed their cur-
ricular design. The opposite case occurs in CS1 because only one female student changed
curricular design, representing 1.85%. However, we can deduce that female students are
resistant to changes in curricular design. Compared with male students, we can see that
the rates of change in men are higher than that of women for each curricular design.

The decrease in the proportion of female students is possible because computer pro-
grams were initially formulated as engineering programs, as detailed in Section 2. This phe-
nomenon is not only evident in our case study. According to National Science Foundation
statistics (https://www.nsf.gov/statistics/2017/nsf17310/digest/fod-women/computer-
sciences.cfm) (accessed on 23 February 2022), the percentages of women in computer sci-
ence programs for different levels decreased in EEUU. On the other hand, our analysis
reports that female students are less likely to change their curricular design. For example,
only one female student changed her curricular design in CS1. On the other hand, analyz-
ing the Peruvian context, the term “Engineering” leads to the idea of having greater job
possibilities than a scientific program.

Table 4. Distribution of students according to Initial_CD, Gender, and Changed_CD.

Initial_CD
Gender = Female Gender = Male

No (%) Yes (%) No (%) Yes (%)
IE1
IE2

93 (83.78%)
66 (72.53%)

18 (16.22%)
25 (27.47%)

179 (68.58%)
172 (70.78%)

82 (31.42%)
71 (29.22%)

CS1
CS2

53 (98.15%)
47 (100%)

1 (1.85%)
–

204 (83.95%)
305 (100%)

39 (16.05%)
–

https://www.nsf.gov/statistics/2017/nsf17310/digest/fod-women/computer-sciences.cfm
https://www.nsf.gov/statistics/2017/nsf17310/digest/fod-women/computer-sciences.cfm
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6.2. (RQ2) Did the Different Curriculum Designs Impact the Proportion of Students According to
Provenance Location Socioeconomic Level?

Socioeconomic variables represent an essential factor in explaining different effects in
students that purely academic variables cannot. One way is to understand the influence
of the provenance location and influence with each curriculum design. Initially, for ad-
dressing this research question, we summarize the number and percentages of students
according to socioeconomic provenance, as shown in Table 3. Based on these values, we
obtain p < 0.001 and conclude that there is a dependency between the provenance location
socioeconomic level and the type of curricular design. We showed that the percentage of
students of high socioeconomic provenance also decreased in each curricular design. The
rates of students belonging to a high socioeconomic origin are 79.03%, 77.84%, 72.05%, and
66.19%. Currently, CS2 has 33.81% students whose provenance location socioeconomic
level is medium and low.

In other words, the proportion of students from medium and low socioeconomic
provenance has increased with each curricular design. Therefeore, curricular changes
increased the admission of students with low and medium socioeconomic provenance.

Furthermore, Figure 5 represents the number of students that start for each admission
semester and its distribution according to their provenance location socioeconomic level.
As can be seen, the proportion of students from medium and low provenance location
socioeconomic level increased during CS1 and CS2, from 2016–02 to 2020–02. We confirmed
the mentioned findings by interacting with the University Community Office, which is
responsible for, among many other tasks, granting students scholarships and performing
academic support. This affirms an increment in the number of scholarships to students
with lower incomes and a continuous improvement in academic mentoring programs.

Figure 5. Number of students according to Admission_Sem and Socioeconomic_Prov.

Table 5 summarizes the number and rates of curricular changes for each type of
socioeconomic level. Therefore, we can conclude that most students who change their
curricular design are of high socioeconomic provenance. The opposite case occurs with
students where provenance location socioeconomic level is low. While the percentage
of students who change their curricular design is lower in CS1, these results indicate
that the provenance location socioeconomic level is decisive in relation to changes of
curricular design.

Table 5. Distribution of students according Initial_CD, Socioeconomic_Prov, and Changed_CD.

Initial_CD
Socioeconomic_Prov = High Socioeconomic_Prov = Medium Socioeconomic_Prov = Low

No (%) Yes (%) No (%) Yes (%) No (%) Yes (%)
IE1
IE2

210 (71.43%)
184 (70.77%)

84 (28.57%)
76 (29.23%)

58 (78.38%)
41 (69.49%)

16 (21.62%)
18 (30.51%)

4 (100%)
13 (86.67%)

0 (0%)
2 (13.33%)

CS1
CS2

190 (88.79%)
233 (100%)

24 (11.21%)
–

52 (82.54%)
106 (100%)

11 (17.46%)
–

15 (75%)
13 (100%)

5 (25%)
–

Analyzing the impact according to gender, we deduce that a possible cause that
decreases the proportion of female students is that, initially, this program was named
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Informatics Engineering. In the Peruvian context, the term “Engineering” leads to the
idea of having greater job possibilities than a scientific program. UCSP is the first Pe-
ruvian university to have a computer science program that uses recommendations of
ACM Computing Curricula. This turned out to be attractive for people from differ-
ent parts of Peru. Even a season when the UCSP decentralized its admission process
by holding it in neighboring cities, the variety of students according to socioeconomic
level location provenance increased. In addition, in recent years, support based on
scholarships for outstanding students from low-income places has increased. (https:
//www.acm.org/education/curricula-recommendations) (accessed on 23 February 2022)

6.3. (RQ3) Did the Different Curriculum Designs Have an Impact on Students’ Dropout Rates?

Student dropout is a priority issue for any educational institution in the world [10,11].
It can be addressed in different contexts to understand the impact of dropout rates for each
curricular design. Our dataset consists of 1355 students, of which 871 students dropped
out. This value represents 64.28% of the total number of students enrolled. Furthermore,
we observed that 252, 266, 220, and 133 students dropped out for IE1, IE2, CS1, and CS2,
respectively. In percentage terms, these values correspond to 67.74%, 79.64%, 74.07%, and
37.78%. The highest dropout rate occurred in IE2. This rate was reduced by 5.57% in CS1,
whose value is 74.07%.

Analyzing the dropout rate for each semester of admission, we note in Figure 6 the
number of students and classify if they dropped out or not. Moreover, we noticed that the
student dropout rate decreased in CS1 compared to IE2. Numerous students dropped out
in CS1, which did not necessarily start in CS1 but came from previous curriculum designs
such as IE1 and IE2. Even the lowest rate occurs in CS2 because this curricular design
presents the most significant number of regular students.

Figure 6. Number of students according to Admission_Sem and Dropout.

Table 6 shows that the dropout percentages of students who did not change their
curricular design are 69.05%, 73.31%, and 84.09% for IE1, IE2, and CS1, respectively. Fur-
thermore, we observe that the change rate in curriculum design in CS1 is approximately
half of the rate in IE2. We can conclude that most dropout students who did not change
their curricular design were in CS1, while the students who did not drop out mostly remain
in their curriculum design.

Table 6. Distribution of students according to Initial_CD, Dropout, and Changed_CD.

Initial_CD
Dropout = No Dropout = Yes

No (%) Yes (%) No (%) Yes (%)
IE1
IE2

98 (83.05%)
42 (68.85%)

20 (16.95%)
19 (31.15%)

174 (68.50%)
196 (71.79%)

80 (31.50%)
77 (28.21%)

CS1
CS2

72 (93.51%)
219 (100%)

5 (6.49%)
–

185 (84.09%)
133 (100%)

35 (15.91%)
–

https://www.acm.org/education/curricula-recommendations
https://www.acm.org/education/curricula-recommendations
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This computer science program’s international standard-based curricular content is
varied and challenging for students without sufficient preparation. We observe that many
of the students drop out in the first semesters of university, reinforcing the idea described
previously. In Sections 6.5 and 6.6, we will explore other possible causes.

6.4. (RQ4) What Was the Impact of Gender and Provenance Location Socioeconomic Level on
Student Dropout Rates?

We aim to determine if curriculum change’s impact was decisive in the subgroups of
students according to the variables Gender and Socioeconomic_Prov. The numbers of dropout
students and their respective percentages are displayed in Table 7. We can now analyze the
impact of these variables with Dropout, as follows:

Table 7. Distribution of dropout students according Initial_CD, Gender, and Socioeconomic_Prov.

Initial_CD
Gender Socioeconomic_Prov

Male (%) Female (%) High (%) Medium (%) Low (%)
IE1
IE2

186 (71.26%)
199 (81.89%)

68 (61.26%)
74 (81.32%)

204 (69.39%)
209 (80.38%)

46 (62.16%)
49 (83.05%)

4 (100%)
15 (100%)

CS1
CS2

180 (74.07%)
118 (38.69%)

40 (74.07%)
15 (31.91%)

157 (73.36%)
88 (37.77%)

46 (73.02%)
42 (39.62%)

17 (85%)
3 (23.08%)

1. Dropout students according to Gender: Applying the Chi-square test, we obtain a
value of p < 0.001, suggesting a dependence on curricular changes in dropout students
grouped by gender. We note that there is not much difference between them. The
most significant percentage difference occurs in IE1, i.e., the dropout rate for men was
71.26%, while the dropout rate for women was 61.26%. In CS1, both dropout rates
coincide (70.4% for male and female students). So, in dropout students, the curricular
design impacted the gender balance. We concluded that although the dropout rates
are very high for both genders, we find a minor percentage difference in computer
science (CS1 and CS2) than informatics engineering (IE1 and IE2).

2. Dropout students according to Socioeconomic_Prov. We obtain a p < 0.001 and
demonstrate dependence between these variables. In most cases, the higher the prove-
nance location socioeconomic level, the lower the dropout rate. The opposite case
occurs in CS2. This phenomenon may be due to several reasons. For instance, we
highlight the recent improvement of economic support promoted by the Peruvian
government—allowing low-income students to continue their studies thanks to fi-
nancial aid. Based on this, we can say that poor performance in studies is not always
the only reason for dropping out. It is a phenomenon that is much more complex.
Analyzing the dropout rates in students of low socioeconomic origin shows that, in
IE1 and IE2, all students dropped out, while in CS1, there is a slight improvement,
with only 85% of them dropping out. Currently, in CS2, the dropout percentage is
23.08%, which presents better results than students from a better provenance location
socioeconomic level.

Overall, we observe that the dropout percentages are similar in each subgroup. How-
ever, in all cases, the dropout percentages in CS1 are lower than those found in IE2. So, a
standardized curriculum has lower dropout rates.

6.5. (RQ5) Did the Different Curriculum Designs Have an Impact on Students’ Permanence Time?

We use survival analysis tools to address this question. As mentioned in [21], these
techniques have a wide range of applications, such as health sciences, economy, and
education. The main objective of the survival analysis is to monitor observations and
estimate the time of occurrence of a particular event. In our case, the event to be monitored
is Student Dropout. However, some of the events have not occurred for some instances.
These cases are known as censored data. In this context, we consider censoring when student
dropout does not happen (Dropout = No). In other words, when the variable Student_Status
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assume values as Regular, Graduated, and Reserved. Table 8 shows the distribution of
non-dropout students for each curricular design.

Table 8. Distribution of non-dropout students according to Initial_CD and Student_Status.

Initial_CD Number of
Non-Dropout Students Regular (%) Graduated (%) Reserved (%)

IE1
IE2

120
68

1 (0.83%)
8 (11.76%)

118 (98.34%)
59 (86.76%)

1 (0.83%)
1 (1.48%)

CS1
CS2

77
219

29 (37.66%)
210 (95.89%)

45 (58.44%)
1 (0.46%)

3 (3.90%)
8 (3.65%)

In IE1, we noticed that most of them have already graduated (98.34%), while two have
not graduated yet (one is a regular student, and another has a reserved enrollment). On
the other hand, we found a higher number of non-dropout students in CS1 (77 students)
compared to IE2 (68 students). In contrast, the percentage of graduate students is higher in
IE2 (86.76%) than in CS1 (58.44%). Finally, in CS2, the majority are regular students.

To measure the impact of curricular changes on student permanence times, we estimate
the survival curves for each curricular design. Briefly, a survival curve is a graph obtained
by evaluating the survival probability over time, whose definition is S(t) = Prob(T > t).

In general terms, the survival curve is a non-increasing function, and 1-S(t) defines the
cumulative dropout probability curve at time t. In our analysis, we apply the Kaplan– Meier
estimator to obtain these curves for each curricular design. In addition, we consider two
different types of timescales as the number of completed semesters and then the number of
enrolled semesters. In both cases, we estimate the survival curves by grouping them by:

(a) Students who did not change their curricular design (Changed_CD = No).
(b) Students who changed their curricular design (Changed_CD = Yes).

According to different studies that address survival models in education [22,23], it is
usual to find that high dropout rates occurred during the first two semesters. Analyzing
the timescale defined by Completed_Sem, see Figure 7. We estimate the survival curves for
students who changed or did not change their curricular design. In Figure 7a, we noticed
that the estimated survival probabilities up to the first two completed semesters are 0.60,
0.33, 0.44, and 0.68 for IE1, IE2, CS1, and CS2, respectively. We obtained the best result in
CS2 and the worst in IE2. Even this situation extends to the entire time interval. However,
this did not occur when analyzing students who changed their curricular design. As we
can see in Figure 7b, the worst performance occurred in CS1.

They even had very similar behaviors between the second and fifth completed
semester, but after the sixth semester, the situation changed dramatically in CS1 (with
survival probability equal to 0.11). We obtained similar results considering the number of
semesters enrolled. This analysis differs from the previous one, where IE2 varies consider-
ably from the other curriculum designs after the fifth enrolled semester.

Figure 7. Estimated survival curves according to Completed_Sem and Changed_CD.
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Generally, computer science students take more than ten semesters to complete their
studies. These results show high student retention rates, which means that students
use more time than expected. To better understand this context, we use Enrolled_Sem as
a timescale and estimated the survival curves according to values of Changed_CD, see
Figure 8. According to Figure 8a, students who changed IE2 present the best results. That is
to say, the students in IE2 adapted better not only to the curricular change but to a type of
computer program more organized according to the world trend [15]. Even this accentuated
with the change from informatics engineering to computer science. Furthermore, Figure 8a
shows that students who did not change their curricular design have students who stayed
more than eighteen enrolled semesters. The most extreme case occurs in IE1 with twenty-
five enrolled semesters. In contrast, in Figure 8b, we find a similar result: the maximum
number of semesters enrolled in IE1. Therefore, students who changed their curricular
design are more at risk of dropping out.

Figure 8. Estimated survival curves according to Enrolled_Sem and Changed_CD.

Table 9 shows the average permanence time for each curricular design from values
in both Figures 7 and 8. In general, these averages are higher in students who did not
change their curricular design (IE1 and CS1). However, we found the opposite case in
IE2. The difference is even more remarkable when considering the number of enrolled
semesters as a timescale. We even highlight that the average stay times improved in
CS1 compared to IE2 in those students who did not change their curricular design. In
the context of the number of completed semesters, this time increased from 3.9 (in IE2) to
5.3 (in CS1). A similar phenomenon occurred when analyzing the number of semesters
enrolled, while these average times decreased when considering students who changed
their curricular design.

Table 9. Permanence time average according to Initial_CD, Completed_Sem, and Enrolled_Sem.

Initial_CD
Completed_Sem Enrolled_Sem

No (%) Yes (%) No (%) Yes (%)
IE1
IE2

5.3
3.9

3.8
4.2

10
6.3

8.6
10.3

CS1
CS2

5.3
6.8

3.4
–

7.2
5.3

6.3
–

After analyzing the survival curves in the various scenarios, we can confirm that the
most significant probability that a student has to drop out occurs in the first few semesters.
Despite this, the impact of the change to ACM computing curricula was significant. In all
scenarios, the probability of remaining in CS1 is more significant than remaining in CS2.
We confirmed this by analyzing the average permanence times.
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6.6. (RQ6) What Variables Are Most Decisive in Predicting the Permanence Time before Dropping Out?

We focus our analysis on understanding which variables have the most significant
predictive capacity in estimating the permanence time before dropping out. First, we
perform a correlation analysis. Figure 9a shows the correlation matrices for students who
did not change their curricular design. In the case of students who changed their curricular
design, see Figure 9b.

Figure 9. Correlation matrices according to Changed_CD.

As is usual in various studies explored in the literature [5–7], academic variables are
highly correlated with the dropout variable. Based on the correlation matrices, we note
that if a student had better Final_GPA, the risk of dropping out decreased. The opposite
occurs with Faults_Courses. Then, more failed courses implied that the risk of dropping out
also increased. Even time-dependent variables such as Completed_Sem and Enrolled_Sem are
highly correlated. From this, we can deduce that the longer a student stays at the university,
the risk of dropping out will decrease. Therefore, we can deduce that time-dependent
variables have a greater predictive capacity. So, to mitigate the impact of these variables,
we must use other survival tools as the Cox regression model (or simply, Cox model).
Considering the vector of predictor variables X = (X1, X2, . . . , Xn), we define the hazard
function by:

h(t) = h0 (t) exp(β1 X1 + β2 X2 +···+ βn Xn)

where h0(t) is the baseline hazard. It corresponds to the value of the hazard if all the
predictor variables are equal to zero. Once we fit the model, we assess how well it can
predict survival time. Even our test data is usually subject to censoring. Therefore, metrics
such as root mean squared error or correlation are unsuitable.

A generalization of the area under the receiver operating characteristic (ROC) com-
monly used in classification machine learning algorithms in survival models is Harrell’s
concordance index (or simply, C-index). The interpretation is identical for binary classifica-
tion, as follows:

• C-index of 0.5 denotes a random model;
• C-index of 1.0 denotes a perfect model;
• C-index of 0.0 denotes a perfectly wrong model.

Therefore, we fit a Cox model to each variable individually for each curricular design
and record the C-index on the training set. Additionally, similar to our previous analyses,
we calculated the C-index by each variable in the case of a change or not of curricular design
at different timescales. Table 10 summarizes the results when considering the number of
completed semesters and Table 11 when the timescale is the number of enrolled semesters.
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Table 10. C-index for each attribute according Changed_CD and Completed_Sem.

Attribute Name
Changed_CD = No Changed_CD = Yes

IE1 IE2 CS1 CS2 IE1 IE2 CS1
NumStudent_ID 0.57 0.55 0.51 0.54 0.52 0.54 0.52

Gender 0.52 0.59 0.51 0.54 0.62 0.53 –
Socieconomic_Prov 0.52 0.47 0.51 0.52 0.58 0.61 0.50

Final_GPA 0.80 0.84 0.87 0.90 0.87 0.77 0.79
Courses_Mean 0.71 0.60 0.66 0.49 0.52 0.65 0.52
Faults_Courses 0.83 0.85 0.86 0.90 0.88 0.77 0.90

Absences_Courses 0.58 0.60 0.66 0.72 0.76 0.75 0.71
Reservations_Courses 0.52 0.60 0.50 0.52 0.51 0.57 0.58

NonRegular_Prop 0.77 0.79 0.83 0.66 0.68 0.52 0.60
Scholarship – 0.52 0.50 0.55 – – 0.50

Table 11. C-index for each attribute according Changed_CD and Enrolled_Sem.

Attribute Name
Changed_CD = No Changed_CD = Yes

IE1 IE2 CS1 CS2 IE1 IE2 CS1
NumStudent_ID 0.54 0.56 0.52 0.47 0.60 0.62 0.64

Gender 0.54 0.56 0.51 0.55 0.58 0.53 –
Socieconomic_Prov 0.51 0.52 0.52 0.51 0.55 0.61 0.48

Final_GPA 0.76 0.65 0.71 0.77 0.75 0.64 0.48
Courses_Mean 0.74 0.61 0.43 0.52 0.59 0.67 0.69
Faults_Courses 0.78 0.66 0.70 0.77 0.75 0.63 0.60

Absences_Courses 0.53 0.53 0.55 0.62 0.64 0.62 0.73
Reservations_Courses 0.49 0.57 0.52 0.50 0.46 0.63 0.56

NonRegular_Prop 0.82 0.87 0.87 0.80 0.80 0.63 0.69
Scholarship – 0.51 0.50 0.54 – – 0.50

Based on the results of Table 10, we highlight Final_GPA and Faults_Courses as vari-
ables with the highest predictive capacity. In the case of students who did not change their
curricular design, we found that the C-index increased with each curricular change. While
Gender and Socioeconomic_Prov are variables with less predictive capacity (in relation to
C-index). Therefore, we confirm that the dropout rates by subgroups of students are similar,
as described in Section 6.4. In both cases, a particular case occurs with Scholarship.

In the first curricular designs, very few students had a scholarship, and for this reason,
the C-index is close to 0.5. Additionally, the C-index of Courses_Mean was reduced with
each curricular change and presented worse results when Changed_CD = Yes. Similar results
were obtained with the variable NonRegular_Prop. Additionally, Absences_Courses is more
accentuated in students who changed their Initial_CD.

However, we had different results when the timescale was Enrolled_Sem. Table 11
shows that NonRegular_Prop is the most predictive variable when consider students that did
not change their Initial_CD. This result is interesting because there is a high retention rate
in the university. That is, students take more time than expected to finish their university
studies, and for this reason, they enroll in non-regular semesters to pass the previously
failed courses. Even the failures for courses also stood out as one of the most predictive
variables. However, NonRegular_Prop, Courses_Mean, and Absences_Courses are the most
predictive variables when the student changed curriculum design. Furthermore, Gender
and Socioeconomic_Prov have C-index values close to 0.5.

Because this computer science program is exigent for students without sufficient
preparation, academic variables are decisive for the early identification of students at risk
of dropping out.
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7. Discussion

Does curricular change have an enormous impact on computer science programs
around the world? Specifically, Latin America was impacted by a late standardization of
such programs with international standards (as proposed by ACM and IEEE). However,
we also observed that, due to the context, the “engineering” career motivates many young
students to follow, essentially by the belief in a wide range of job opportunities, among
other reasons, as detailed in Section 2. In UCSP, initially, the change from an engineering-
based career to a science-based career provoked many dropouts. An important aspect is
the inclusion of women and low-income students in computer science programs.

Along with time, it has been reduced, essentially by better communication and aware-
ness to candidates and students—in early periods—of the undergraduate program. Our
analysis seeks to answer the impact of curricular changes using the research questions
defined in Section 4. In particular, Section 6.1 showed that curricular changes decreased in
female students, and even women are less likely to change the curricular design. On the
contrary, in Section 6.2, we note that the proportion of students whose provenance location
socioeconomic level is low increased. We have shown that this variable is relevant for our
analysis because, with a lower Socioeconomic_Prov, we obtained lower percentages when
changing the curricular design.

One of the significant problems educational institutions face is dealing with high
rates of student dropout. We detailed in Section 6.3 how dropout rates increased when
moving from an engineering program to a program more in line with computer science. In
addition, the percentage of dropout students who changed their curricular design decreased
with these changes. Meanwhile, in Section 6.4, we focused on understanding dropout
rates according to Gender and Socioeconomic_Prov. Based on these results, we note that
the dropout rates are very similar between men and women in each curricular design.
Although only slightly, these dropout rates increased when switching from an engineering
program to a computer science program. In contrast, the dropout rates are not similar when
analyzing students grouped by socioeconomic provenance. In other words, students from
lower socioeconomic backgrounds are more vulnerable to dropping out.

We apply tools of survival analysis to estimate the length of stay before dropping
out and which are the most influential variables to predict these times. We use two
different timescales in both cases: the number of completed semesters and the number
of enrolled semesters. Section 6.5 discovered that the average permanence time was
higher in curriculum designs of computer science. However, this does not happen when
we analyze students who changed their curricular design. In this particular case, the
survival probabilities were lower in the computer science program than in the informatics
engineering program.

Time-dependent variables have a higher predictive capacity, which we obtain by
applying correlation analysis. Therefore, to mitigate the impact of these variables, we use
the Cox model. According to Section 6.6, we can see that the Final_GPA and Faults_Courses
were the most predictive (using the C-index) when the Completed_Sem is the time scale.
However, these variables take a backseat when considering the variable Enrolled_Sem.
When considering this timescale, the most predictive variable is NonRegular_Prop. Here
it is important to note that, with this variable, we identified those students who follow
non-regular semesters to make up failed courses or for those students with good academic
performance who seek to finish their degree in a shorter time.

8. Conclusions

This work addressed a case study at a Peruvian university to understand the impact of
curriculum changes in his computer science program, which previously was an informatics
engineering program. According to international standards, the change in the name was
provoked by reformulation and adaptation to a computer science program. Analyzing
the impact according to gender, we can deduce that a possible cause of the decrease
in the proportion of female students is that, initially, this career was called informatics
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engineering. In the Peruvian context, the term “Engineering” leads to the idea of having
more job opportunities than a scientific program. Additionally, this computer science
program is a pioneer in Peru that follows standardized computing curricula. For this reason,
we conclude that this standardization was attractive to people from different parts of the
country and increased the diversity of students from provenance cities with socioeconomic
levels that were medium to low. However, this standardization made it challenging for
students with insufficient preparation. Statistical tools reveal that the highest dropout
rates occur in the first few semesters, being the determining academic factor for this to
occur. Although many works address curricular changes in computer science, they do not
focus on understanding the impact of curricular changes on the phenomena of inclusion
and dropout of students as this work has addressed. It opens a wide range of different
analytical/predictive studies in relevant aspects such as dropout prediction, inclusion
analysis, and academic monitoring. Finally, our research can be replicated/adapted to any
other program in computer science (or related fields) with the aim of revealing patterns,
extracting valuable insights from its data, and supporting the decision-making process in
educational institutions. However, the cleaning/wrangling data step can become complex,
even for a person with deep knowledge of it. For this reason, the collaborative work with
domain experts was decisive in reporting this case study.
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