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variables involved. This paper uses a multidisciplinary approach to parameterize the factors that
define the entry profile of undergraduates at the national level in Spain in collaboration with
three universities in different regions and with different disciplines. The aim is to reduce the
dropout rate in the first year of study towards a degree. The research questions focus on the
weighting of personal variables about students by tutors and whether there are differences in the
weighting systems for the main variables as differentiated by discipline, university and/or region.
The document is organized to describe the method and context of the study, present the main
results, show the application of the survey instrument in a case study, and provide conclusions.
The method is based on the two fundamental factors, including the influence of certain student
characteristics at matriculation and the importance of a positive experience in the first year of the
degree. The study is focused on two elements that inspire the current proposal: the need to
identify and rapidly detect students who, due to their entry characteristics, are at a greater risk of
dropout and the importance of guaranteeing a good start in the first year of the degree. The study
uses a multidisciplinary approach and combines qualitative and quantitative methods to gather
data. The study also uses a survey instrument that measures the risk of student dropout based on
the weighting of personal variables by tutors. The results of the study have allowed us to cate-
gorize the main variables of the student profile that affect the risk of dropout and establish them
as aspects to be monitored by the tutors in the first weeks. Furthermore, it has been shown that
although there are no significant differences in the averages of dropout risk calculated with either
global or specific weighting systems (by centre or studies), there is a tendency observed by the
tutors that the weighted averages generated by disciplinary focus are closer to identifying the
student’s real risk of dropping out.
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1. Introduction

Dropout in universities is a widely analysed issue that on the one hand, interests universities to incorporate measures that promote
academic success rates and on the other hand, interests public organizations in many countries due to the professional, social, and
economic repercussions associated with this possible dropout [1-3]. Identifying the causes of early dropout allows universities to focus
their efforts on honing their level of excellence, which can lead to an improvement in their positioning in quality rankings and,
therefore, in their prestige [4].

Currently, most studies focus mainly on trying to quantify the phenomenon of early dropout, identifying the variables involved, and
constructing and validating explanatory models of this phenomenon [5,6]. The interest in this line of research is further accentuated by
the COVID-19 pandemic, as educational systems had to urgently adapt to new needs, which often did not ensure good instructional
design with the support of ICTs [7,8].

According to the data presented by the Spanish Ministry of Science, Innovation and Universities in 2020, a dropout rate of 33.9%
was revealed for the cohort newly enrolled in the 2013-14 academic year. This percentage increased to 35% in the case of public
universities and decreased to 27.5% in private universities. These percentages are higher than the 24% recorded in the average dropout
rate collected by the Organization for Economic Cooperation and Development [9].

Briefly, early withdrawal from studies is a key issue for the university system, with very negative consequences at both the indi-
vidual and institutional levels. It is a problem marked by its great complexity and with undeniable multicausal variables, as we can see
in the previous studies. Based on the data obtained from previous reports and referenced studies, the motivation for this study increases
when the scope of analysis focuses on private institutions (which thus have high financial dependence on student income) and
technical studies (historical areas with high drop-out rates). It is of vital importance to generate an instrument that allows a reliable
indicator of potential dropout to be obtained and that is not limited to a local setting or specific studies, as many of the previous
benchmarks, but can be evaluated in parallel in different centres, regions and studies to generate a reliable and replicable instrument.

This paper focuses on multidisciplinary research to parameterize the factors that define the entry profile of undergraduate students
at the Spanish national level. The main hypothesis is that it is possible to identify those personal variables in the student’s profile that
are initially indicators of a higher risk of early dropout, so that from this identification, academic tutors have information on which to
act and potentially mitigate this risk. From this hypothesis, a secondary hypothesis is defined that is based on the idea that an adjusted
prioritization of weights of these variables by the tutors is more accurate when applied to students in the same field of knowledge than
the classification carried out by the tutors. Therefore, for this research, the following research questions (RQ) have been defined.

RQ1. In the construction of an instrument that measures the risk of student dropout based on the weighting of personal variables by
tutors, which variables have the greatest weight?

RQ2. Are there significant differences in the weight of the main variables, based on criteria set by tutors for areas of knowledge,
universities and/or regions, in such a way that it affects the result of the criticality calculation?

This document is organized as follows: Section II describes the method and context in which the study is carried out. Section III
explains the main results. Section IV shows the application of the instrument to a case study. Finally, Section V presents the conclusions
of the research.

2. Theoretical context

This research is at the intersection of three main fields of knowledge. Educational data mining is a central field, but this inquiry is
focused specifically for the purpose of helping improve academic management (academic analytics) and therefore for the improvement
of the student’s curriculum (learning analytics). Additionally, we are at the leading edge of studies of psycho-pedagogical knowledge,
such as tutoring and activities/services for curricular accompaniment that certain teachers use to accompany, advise and guide stu-
dents in those academic decisions that may affect their performance and therefore their curricular success. Finally, a process that
integrates data, monitors results, and helps decision-making based on a user-centred design (UCD), which is based on both qualitative
and quantitative mixed processes, is needed to achieve satisfactory and efficient user experiences. We will now briefly contextualize
each of the three areas described.

As we have introduced, our research works with personal variables and academic data to improve the educational process, a term
that is circumscribed by the theoretical framework of academic analytics. In this sense, the processes linked to academic analytics are
defined as those that evaluate and interpret all types of data to improve decision-making and ultimately academic processes beyond
student learning, which would fall within the scope of learning analytics [10,11].

Academic analytics is a hybrid approach that provides data to higher education institutions to improve operational and financial
decision-making. While learning analytics is more concerned with course- and department-level data [12-14], academic analytics is
more concerned with student profiles, academic performance, and knowledge flow. Academic analytics aims to analyse data from
student interactions to improve educational, academic, and teaching-related processes [15]. The management of these data provides
critical information to educational institutions to make decisions to improve programs and student-tracking to maximize student
achievement [16]. In both research and practice, learning and academic analytics has proven useful in identifying variables that
influence learning outcomes and establish relationships between competencies, educational methodologies, and curricular structures.
These analyses provide information to personalize courses and detect at-risk students to provide early intervention. In this way, it is
also possible to improve teaching to retain more students throughout the course [14,17].
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The second main area of study is related to tutoring services. This activity has been gaining importance in recent years and has been
particularly relevant during the period of the COVID-19 pandemic [18], The student’s motivation, their mood resulting from the
lockdown period, the new methods of work and use for the materials, and other studied factors are reasons why it is now more
important than ever to help students by providing tutoring services [19,20]. This service is considered a very important intervention in
student learning throughout their studies, especially at preuniversity levels, but it is gaining importance in recent years in university
courses, in which there are similar needs to detect problems and monitor students, but with clearly differentiated processes [21].

The need for generic content in preuniversity studies is recognized by students; however, in a significant number of cases, students
do not find meaning in their choice of university degree, especially when they have chosen a degree with technical-scientific-
technological content. This fact, combined with the difficulty associated with the educational level, leads to frustration. If other
factors are added, such as incorrect or insufficiently adapted study habits, lack of knowledge of how to cope with occasional failures,
distance from the family environment, greater freedom of movement, etc. [22], the result is students’ lack of adaptation to university
challenges.

Therefore, tutoring in the first year of university is of particular importance. The tutor can advise the student on the most critical
points of the course, as well as personalize the activity to generate a greater impact and help the student overcome the first year with
less difficulty [23]. If the tutor can collect, analyse, and manage data related to their students’ admission profile, they can anticipate
necessary actions during the course for those students who may be at risk of dropping out or affected by a situation that may increase
this risk.

Finally, the third main knowledge field is related to user experience as a framework. User experience is a discipline that considers
people’s perceptions and responses to interactive behaviour with a service, design, or proposal [24]. In this sense, usability studies
consider both factors related to the process and those related to users’ emotions and perceptions. The method applied in the study is
based on an iterative and participatory design, where the selected variables provide detailed information about the student’s profile.
Based on this premise, the user-centred design (UCD) methodology [25] is a philosophy that considers the user as part of the service
creation process, providing their motivations, needs, or desires during each phase.

As we have introduced, among the possible methodological designs for monitoring students, the iterative design on which the
proposal is based stands out as one of the most practical, as it allows for greater periodic data collection and validation by repetition
and consolidation of data [26]. On the other hand, participatory design actively considers all involved parties [27]. Combining
iterative and participatory approaches improves the data collection of any user-centred study, which, in the context of our research, is
focused on the student as the user. The variables, indicators, and study values that are used have been defined in conjunction with
tutors, students, and previous work so that the proposal refines methods to obtain the student’s initial profile, allowing more efficient
interventions to improve their performance and help them with the initial adaptation. In this sense, the critical review of previous
research has been covered previously by the authors, published in Ref. [28].

The approach, which is based on these three areas of knowledge, is what clearly differentiates the proposal from the rest of the
studies of university dropout rates. Additionally, the study works specifically with three of the main private universities in Spain,
covering different regional data and educational fields: La Salle, Ramon Llull University (La Salle-RLU), Pontifical Comillas University
(Comillas), and the University of Deusto.

La Salle-RLU, founded in 1965 by the Brothers of La Salle, offers undergraduate, graduate, postgraduate, doctoral, and speciali-
zation courses in the fields of Engineering, ICT and Computer Science, Architecture and Building, Business and Management, Ani-
mation & VFX, Digital Arts, Health Engineering, and Philosophy, with technology and humanism as essential elements of its DNA. The
university welcomes 5109 students, both locals, representing 68.5% of the student body (87% from Catalonia and 13% from the rest of
Spain), and international students from multiple nations, representing the other 31.5%. Three percent of students carry out their
internships at the university.

Comillas University in Madrid, founded in 1890, is a Catholic university governed by the Society of Jesus. It offers undergraduate,
postgraduate, and doctoral studies to 12,800 students in the following areas: Business, Social-Humanistic, Legal, Health, Engineering,
and Theology. Twenty percent of its student body is international or participates in an international exchange program at the
university.

Deusto University was founded in 1886 by the Society of Jesus. With campuses in Bilbao and San Sebastian and branches in Vitoria
and Madrid, its hallmarks are education in competencies and values, thanks to a socially recognized pedagogical model. It offers
various undergraduate, graduate, and doctoral programs to approximately 11,000 students, both local and international, distributed
across 8 faculties and an affiliated centre: BAM (Begonako Andramari), Health Sciences, Economics and Business Administration,
Social and Human Sciences, Law, Education and Sports, Engineering, and Theology.

The three participating universities are part of the Aristos Campus Mundus (ACM) consortium, which has been accredited as an
International Campus of Excellence in the regional European category (BOE-A-2015-13,413). Additionally, ACM has signed an
agreement of advanced strategic cooperation with the North American universities Georgetown, Boston College and Fordham. The
three universities in the study are private Spanish universities and therefore face similar issues. Private universities often have high
enrolment fees, which may make them less accessible to students from low-income families. Additionally, financial aid is limited, and
private universities may not have as much financial assistance available to students as public universities, which can also make them
less accessible. Private universities may have a less diverse student body compared to public universities, as they may attract students
from similar socioeconomic backgrounds. Private universities depend heavily on student enrolment for revenue, which leads to a high
level of tracking of enrolled students. For these reasons, and due to the concern for retaining those students with potential for good
academic performance throughout their university degree, good tutorial action is needed. The tutor is the person in charge of academic
monitoring and mentoring the student, who may sometimes feel alone or unmotivated. These emotional factors may lead to student
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dropout, but it has been shown that with good tutorial action, the student has a greater chance of achieving their goal [29].

As we have introduced, there are two key issues in the different studies developed on the existence, relationship, and interaction of
various factors maintaining the percentages of early university dropout: a) the influence of certain student characteristics at university
entry on the greater risk of dropout; b) the importance of a good start in the first year of the degree, with a positive experience of the
transition and entry into the university world, in the probability of staying in the university [30]. These two aspects make us focus on
two fundamental elements that inspire the current proposal.

o First, there is a need to identify and rapidly detect students who, due to their entry characteristics, might be at greater risk of early
dropout. This requires the development of instruments that allow for early detection as well as the establishment of structures for
obtaining, managing, and using the data for analysis and necessary decision-making.

e Second, it is necessary to develop corrective guidance and interventions to prevent dropout and support students in their successful
incorporation into university life. From this perspective, the literature covers approaches to manage the first year of the university
student in a specific academic program, which are very suggestive. For example, EPAU (“First Year Experience in University”) or
FYE (“First Year Experience”) are programs used in the English tradition.

In this sense, tutorial action appears to be one of the best instruments to act on the needs of students in their entry and transition to
the university, allowing tutors to identify, prevent and correct the influence of possible risk factors that may cause early dropout [31].
Experiences in this field allow us to say that actively incorporating first-year academic tutors in the ordering, scoring, and estab-
lishment of relative weights of the different risk factors for possible early dropout is a coherent and valid approach.

3. Method
a) Work methodology

The method used in this study is based on an iterative and participatory design, where the variables selected provide detailed
information about the student’s profile. Starting from this premise, the user-centred design (UCD) methodology considers users as part
of the service creation process and establishes their motivations, needs, or desires at each phase.

As the first phase of the UCD, there was a search, analysis, and selection of diverse variables used to profile students. The variables
were selected through a modified Delphi procedure using expert users to determine the questionnaire content efficacy. The expert
group creating the initial approach was selected based on years of experience in teaching university students and assessments by
mentored students. In all cases, a minimum of 10 years and a minimum rating of 4.2 out of 5 were required. Twelve university ed-
ucation professionals from La Salle-RLU attended, including five tutors from the School of Engineering, four tutors from the Business
School, two from the School of Architecture, and one tutor from the School of Digital Arts. According to authors such as Landeta, the
number of tutors was considered sufficient. This method was chosen because its effectiveness has been widely demonstrated in
educational research [32] and is based on the knowledge and consensus of the consulted group to make the study more reliable. It was
concluded that this is a complex issue in which a large number of factors can intervene in different ways depending on the context [16].

As a first step, an initial questionnaire was created with 13 items derived from a review of literature on survey variables, grouped by
their three dimensions of personal data, study habits, and motivation [33].

In the initial iteration, the groups were tasked with conducting a qualitative evaluation of the items. The primary researcher
received the reviews via electronic mail. This iteration achieved 58% accuracy, as detailed in the 2021 published article [33].
Following the first iteration, a lack of understanding between the tutors and students was identified, prompting the creation of
additional questions. This allowed for the creation of a more detailed student profile, as well as a more accurate prediction. Based on
the feedback from experts, the questionnaire was redesigned to measure study variables and underwent a second validation. After two
rounds, the data were statistically processed and returned to the experts to achieve optimal weighting. Based on the results obtained, a
third questionnaire was created, incorporating personal questions without weights to provide tutors with more detailed information
about different students, thereby enabling them to provide more specific assistance. The new questions and blocks were determined
through a literature review and expert analysis, as outlined in the related article published in 2023 [28].

From the responses received after the second round and subsequent analysis, a questionnaire was developed for the second phase of
the UCD. The 13 factors were grouped into their three main blocks: personal data, study habits, and personal motivations.

Although treated as three dimensions, the variables were related: for example, age and previous study background influence
motivation, and study habits are related to gender [6]. The university stage is more difficult than previous stages, and not all students
who arrive at the university have developed the necessary study habits and time management to overcome these new challenges. Some
papers show the relationship between study habits, academic performance, and other variables, such as the entrance grade to the
university or the country of origin, which seemed to influence student success differently depending on the field of knowledge [34]. For
the motivation dimension, factors such as the choice of degree and vocation are some of the most important aspects when deciding to
continue or abandon a degree when there are difficulties. This block captures important resilience factors that help avoid abandonment
[35].

The conviction of student towards the chosen degree is one of those factors that deserves to be studied because there are studies that
show opposing conclusions about its influence. Therefore, in Ref. [36], the authors conclude that it does not have a significant in-
fluence on academic performance. However, as the same authors point out, this conclusion opposes the one reached earlier by
Ref. [37]. The authors justify their findings because when students reach university, they often find that reality does not match what
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they had imagined. Another factor such as the distance to the university, although not indicative of abandonment, has been shown to
have a statistically significant negative influence [38]. Similarly, studies reveal a positive influence between the perception of a
scholarship and academic success when a high level of grades is required to receive it [39].

In the new iteration that started in the current academic year, 2022-2023, we have started redefining the questionnaire to make it
more accurate and consider new variables. Some of these new variables, which are presented in other studies, were not considered in
our first pilot study [40,41]. These previous works show that most automatic predictive systems take into account very few variables,
so instead of collecting only those that coincided in all the cases studied, we have opted for the sum of all of them. Other studies, such as
[42], analysed domains of success such as academic or group well-being instead of dropout rates, so nonsuccess or nonwell-being have
been considered contrastive indicators that something might go wrong in the student’s environment.

Table 1
Student’s questionnaire and average obtained for each variable and dimension considering the general prioritization of all tutors and the weight
obtained. Grey variables are without weight in the calculation for the general dimension.

# Questions

[1.318 final weight] Personal Data (5.67 — Tutor average)

1 [0.805] Year of birth (1.83)

2 [0.512] Gender (1.17)

[1.430 final weight] University entrance (6.15 — Tutor average)
3 [0.225] How did you enter university? (3.33) [2.85] 4. From which baccalaureate/Voc.
Training/other degree? (0.193)

From which university?

In what way?

In which languages?

What degree was it?

Up to which full year did you complete?

In which language model did you take your baccalaureate or equivalent?
If you come from another degree, please answer the following question:

[0.231] Do you consider yourself to be a student of (good, pass, outstanding, excellent ...) (3.43)

[0.348] How do you usually study (books, notes, classmates, etc.)? (5.15)

[0.231] Average mark of university access (3.43)

[0.201] In which country did you study the baccalaureate or the compulsory course? (2.98)

In which school did you study your last studies?

[1.641 final weight] Current data (7.06 — Tutor average)

9 [0.213] What grade are you attending? (7.31)
Where do you usually live (family address)?

10 [0.183] Where do you live during the course? (6.28)

11 [0.174] How long does it take you to get to university? (5.98)

12 [0.129] Do you have a scholarship? (4.43)

13 [0.133] How would you describe your level of knowledge of basic computer tools? (4.57)

14 [0.157] Do you have a computer at home? (5.39)

15  [0.111] Do you have siblings or close friends who are or have been students on your course? (3.81)

16 [0.193] What is your relationship with classmates like? (6.61)

17  [0.145] Do you have anyone among your classmates whom you could ask for notes when you cannot
go to the classroom? (4.96)

18  [0.203] Do you feel integrated in the classroom group? (6.96)

[1.809 final weight] Degree choice (7.78 - Tutor average)

N w;

Name of tutor

What type of scholarship?

19 [0.629] How confident/assured are you about your chosen degree? (2.11)

20 [0.585] Were the studies you are pursuing listed as your first choice? (1.96) What was your first choice?
Why did you choose the degree you are currently studying?

21 [0.596] The syllabus of the 1st that I am studying seems to me to ... (2.00)

[1.921 final weight] Study habits (8.26 — Tutor average)

22 [0.510] Do you complete the tasks given to you? (4.11)
23 [0.517] Do you study and revise every day? (4.17)
24 [0.276] Where do you usually study? (2.22) Where?
With whom do you usually study?
25 [0.211] Do you expect to join an academy? (1.7)
26  [0.407] How many days before an exam do you study? (3.28)
[1.882 final weight] Time spent studying (8.09 — Tutor average)
27  [0.227] Do you have a job, paid or unpaid? (4.48) What work?
Do you think it will prevent you from following the
course normally?
28  [0.142] Do you carry out any activity to which you dedicate a significant amount of time, and which ~ Please indicate which one(s) you carry out:
may take time away from your university studies? (2.81) How many hours/weeks do you spend on these
activities?
29 [0.281] Are there any other circumstances (family, illness, etc.) that might make it difficult for you to
follow your studies? (5.56)
30  [0.276] How many hours do you plan to dedicate to study during the week? (5.46)
31 [0.209] Are there any classes that you already know you will not be able to attend? (4.13)
32 [0.333] Are you motivated to study sufficiently for the courses you have enrolled in? (6.57)
33 [0.209] What are your goals in your chosen studies? (4.13)
34 [0.205] Were you aware of how much time your studies might require? (4.06)
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After the first round of the project with 13 items and the detection of more factors in the influence of early dropout from university
degrees, a new expert analysis was carried out qualitatively and various related studies were reviewed to determine new items to be
considered in the new questionnaire. This expert analysis was carried out by 14 tutors (2 for each area of study included in the project)
with 10 years of experience and a student rating of at least 4.2 out of 5, who have accumulated experience on the different profiles of
incoming students from Deusto University, Comillas University and La Salle-RLU. Tutors are selected due to their proximity to students
compared to other teachers, as they are the closest figure to the student and responsible for monitoring student progress, making them
knowledgeable of situations where the student may potentially drop out of the program. The possible items were selected through a
literature review, and thanks to the focus group with the experts, they were accepted or discarded.

Using the collected variables, a new questionnaire consisting of six dimensions was developed: personal data, university access,
current data, degree choice, study habits, and time dedication. Three new dimensions were created, and new questions were added to
each of the dimensions. The personal section of the initial iteration was split into two dimensions, personal and university access, to
differentiate between intrinsic variables and those that have been developed during past courses. These dimensions provide a past
image of the student, allowing us to understand how they have fared in previous courses and how prepared they are to undertake the
selected degree. A new dimension, current data, was added, where questions related to the student’s current personal situation are
asked of the student, allowing the tutor a deeper understanding. For the motivation dimension, the name was changed to career choice,
and new questions were added, in addition to redistributing some items to other dimensions. The study habits dimension remained, but
new questions were added to obtain more information about the student. Finally, we have the last dimension, time dedicated to study,
which provides information about the time the student can or intends to invest in their studies. These dimensions can be observed in
the TEEM 2023 article [28].

All of these dimensions provide a clear picture of the student and allow for a more accurate assessment of the probability of
dropout, as we have much more data available. These dimensions provide information about the student’s past, present, and future.

The questions considered in the first phase are simple answers, but some have been derived into different branches to find more
concrete answers. Thus, not all of the questions have been taken into account for the new weighting, resulting in 34 weighted
questions. Some, such as “the place of study”, were discarded because they were considered difficult to interpret and no bibliographical
references were found to support their inclusion. Likewise, the use of self-regulation strategies has also been excluded from weighting
due to the difficulty of collecting data in the questionnaire and the existence of some papers that point out their lack of correlation.
However, both the initial and derived questions have been left in the questionnaire because they are important as knowledge about the
students for good tutorial intervention.

Finally, through the analysis of expert tutors, possible student responses are categorized, as each response will receive a different
weight depending on the category it falls under. This categorization is carried out using a qualitative method with expert tutors from
different centres and areas. To do this, a focus group was conducted where the different questions with their possible responses were
shown, and the impact of each response on the potential risk of student dropout was discussed. These items are validated as the process
is replicated and different iterations are performed.

Once students with a higher or lower risk of dropout are identified, tutors are responsible for analysing the situation and speaking
with the student. In this way, they can determine if the potential risk of dropout is real and how they can assist the student. While it is
true that tutors cannot fully control the student’s situation, in cases where the student is experiencing frustration due to poor results or
lack of good study techniques, the tutor can provide tools for improvement. They can also assist in organizing time, tasks, review
classes, etc. Additionally, a pilot test for coaching with these skills is being developed to aid students in facing the different challenges
that arise during their first year of university studies.

b) Questionnaire

The questionnaire created for the students requires answers to 53 questions in total. Of those questions, only 33 are weighted to
obtain the critical value for the likelihood of dropout, and the remaining 19 provide answers with extra information for the tutors. In
Table 1, the different questions in the questionnaire are presented, with those that are weighted marked in grey and numbered and
those that are not weighted providing extra information and unnumbered. All these questions are divided into the 6 large blocks that
we will work with.

Table 1 shows each of the questions asked in the questionnaire with their corresponding weighting and the block to which they
belong. Tutors give a score of 1-10 to each of the 6 blocks, depending on how important they consider them. Subsequently, they rank
the questions in each block from most to least relevant. Before the start of the 2022-2023 academic year, each variable was weighted
by a total of 53 first-year tutors from different academic fields in three Spanish universities: La Salle-RLU, Deusto (Bilbao campus) and
Comillas (Madrid campus).

For example, in the first dimension, we found two variables, so each tutor ranked them based on their perception of importance,
giving a score of 2 to the most important variable and 1 to the least important one. If a dimension has 6 variables, the ranking will range
from 6 (most important) to 1 (least important). For this reason, the average that arises from the tutors’ ratings for each variable ranges
from 1 to the highest number of variables in that dimension.

To calculate the probability of dropout on a scale of 0-10 for each student, first, the weighting of each of the 6 blocks is calculated.
First, the mean score given by all tutors is calculated, and then the following calculation (equation (1)) is performed to obtain the block
value out of a total of 10:



A. Llaurd et al.

Average block rating x 10

Heliyon 9 (2023) e17435

Block weighting = - (€8]
gating > Average rating of the 6 blocks
Table 2
Example of calculating the probability from the questionnaire answers.
Questions User 23 User 47 User 90 User 147
Personal Data
Year of birth 2004 2002 2003 2002
Gender Woman Woman Man Man
University entrance
How did you enter university? Selectividad Selectividad Selectividad Certificate of Higher
Education
From which baccalaureate/Voc. Training/other degree? Technological Artistic Technological
You consider yourself to be a student of: 5 4 3 4

How do you usually study (books, notes, classmates, etc.)?

Average mark of university access

In which country did you study the baccalaureate or the
compulsory course?

Current data

What grade are you attending?

Where do you live during the course?
How long does it take you to get to university?

Do you have a scholarship?

How would you describe your level of knowledge of basic
computer tools?

Do you have a computer at home?

Do you have siblings or close friends who are or have been
students on your course?

What is your relationship with classmates like?

Do you have anyone among your classmates whom you
could ask for notes when you cannot go to the
classroom?

Degree choice

Do you feel integrated in the classroom group?

How confident/assured are you about your chosen degree?

Were the studies you are pursuing listed as your first
choice?

The syllabus of the 1st that I am studying seems to me to ...

Study habits

Do you complete the tasks given to you?

Do you study and revise every day?

Where do you usually study?

Do you expect to join an academy?

How many days before an exam do you study?

Time spent studying

Do you have a job, paid or unpaid?

Do you think it will prevent you from following the course
normally?

Do you carry out any activity to which you dedicate a
significant amount of time, and which may take time
away from your university studies?

How many hours do you plan to spend during the week
studying?

Are there any other circumstances (family, illness, etc.)
that might make it difficult for you to follow your
studies?

How many hours do you plan to dedicate to study during
the week?

Are there any classes that you already know you will not be
able to attend?

Are you motivated to study sufficiently for the courses you
have enrolled in?

Total

My teachers have always
given me study materials
12.768

Spain

Engineering

In the family home

Between 30 and 45 min

Yes
3

Yes, laptop
No

4
Yes

It is excessively abstract.

5

5

At home

No

More than two weeks
before

No
No

No

35

Yes, I want to
I like to do my best

No, I think it is more
demanding than I
imagined
8.02117277

I create my own
study material
8.8

Spain

Digital Arts and
Animation
In the family home

Betweenlhand2h

Yes
5

Yes, desktop

It is excessively
abstract.

5

5

At home

No

Between 3 and 5

days

No
Si

Si

16

Yes, I want to
1 like to do my best

Yes, I think that’s
what I imagined

7.20254052

I create my own
study material
7.55

Spain

Architecture and
Building

In a residence or
college

Between 15 and 30
min

No

4

Yes, laptop

It meets my
expectations.

5

5

At home

No

Between 1 and 2
days

No
St

No

23

Yes, I want to
I like to do my best

Yes, I think that’s
what I imagined

6.94068171

I create my own
study material
7.96

Spain

Engineering
In the family home

Between 30 and 45
min

No

5

Yes, laptop and
desktop
No

3
Yes

It meets my
expectations.

3

1

At home
Yes

Between 1 and 2
days

No
No

No

Yes, I want to
I like to do my best

Yes, I think that’s
what I imagined

5.97523526
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Following the previous example, for the first block, personal data, an average block rating of 5.67 has been obtained, which we
multiplied by 10 as it is the global value of the defined scale. In the denominator, we have the sum of the averages of the 6 blocks,
including the one we are calculating and the remaining 5 blocks (5.68 + 6.15+7.06 + 7.78+8.26 + 8.09), as shown in Table 1. The
resulting value is 1.318.

Once the block value is obtained, the value of each of the 34 questions is calculated (equation (2)). To perform this calculation, the
tutors’ scores are first averaged. This value is obtained from the average of the rankings. Once the average score for the question is
obtained, the following calculation is performed:

. L Block weighting x Average rating of the question
Question weighting =

>~ Average questions rating @

For the first question, age, an average of 1.83 was obtained. This value is obtained from the tutors’ ranking of age and gender. A
score of 2 is given to the variable considered most important and 1 to the least important one. Then, the average of each variable is
calculated and multiplied by the block weight; in this case, since it is a value from the personal dimension, that value is used
(1.318*1.83). This value is divided by the sum of the averages of both values, 1.83 (age) + 1.17 (gender). These calculations provide us
with the final weight of the age value, 0.805.

Subsequently, the group of experts classified the responses according to their greater or lesser impact on dropout and assigned the
corresponding weighting.

Question weighting

Weighting of answers = x Impact number 3)

Total numer of answers

Finally, the weighting of each value is divided among the different responses that can be obtained (equation (3)). Following the
previous example, we can see that the age value is divided into three possible responses: over 25 years old, between 20 and 25 years
old, and between 18 and 20 years old. These 3 responses are classified, with students between 18 and 20 years old having the highest
weighting (3), students between 20 and 25 years old having medium weighting (2), and students over 25 having the lowest weighting
(1). To obtain the weighting of each response, first, the division is made between the weighting of the value and the total number of
responses (1.318/3), and then it is multiplied by the number assigned to each response. In the case of students between 18 and 20 years
old, since the assigned value is 3, they obtain a result of 0.805, which coincides with the total value. For students between 20 and 25
years old, a value of 0.537 is obtained, and for students over 25, a value of 0.268 is obtained.

Table 2 displays an example of 4 users with their different responses and the resulting calculation using global weighting.

The results of the weights were classified and weighted based on the tutor’s area of knowledge and the centre to which he or she
belonged. In this way, we obtained an overall weighting and a weighting for each of the areas and centres. On the other hand, the
different questions of the survey shown above were grouped in such a way that 6 blocks were created with the same total score; in this
way, the impact of each of the parts of the project can be analysed in a simpler way. In addition to providing more information to the
tutor who receives the results, he or she will not only receive the final weighting but also a breakdown of the 6 blocks.

c) Calculation of the risk of dropout

During the start of the 2022-2023 academic year, a total of 1742 students were newly enrolled in the three participating uni-
versities in the fields of Engineering, Business, Arts, Architecture, Social and Human Sciences, Health Sciences, and Law. The
requirement to be able to take the questionnaire is to be a newly enrolled student in the selected degree program and to belong to the
first year of the degree program. These students responded to the questionnaire presented in Table 1.

As we have mentioned before, each of the tutors from different areas and centres completes a questionnaire where they assign
different weights to different questions, which we later group into blocks. Table 4 through 8 show the weights that the tutors assigned
out of 10, divided by centres, areas, and centre areas. These weights are applied to the responses provided by each of the incoming
students. We perform the calculation using four different weights, which are shown below, so that we can observe which weight is
closer to the reality of the student.

- Overall weighting: the overall weighting made by all teachers is considered, regardless of the area or teaching centre.

- Weighting by area: the weighting of all the tutors of the student’s teaching area is considered, regardless of the centre.

- Weighting by area and university centre: the weighting of all the tutors in the teaching area of the centre where the student is
located is considered.

Table 3
Weighting ranges.
Risk of abandonment Weighting range
Very low risk >8
Low risk 7t08
High risk 6to7
Very high risk <6
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Table 4
Average weights per block and centre.
Weightings Personal information Access to University Current data Choice of university degree Study habits Study time
La Salle-RLU 1.451 1.344 1.714 1.840 1.831 1.821
Deusto 1.695 1.408 1.432 1.527 2.005 1.933
Comillas 0.982 1.541 1.655 1.906 1.986 1.929
Overall average 1.318 1.430 1.641 1.858 1.921 1.882
Inter-university deviation 0.362 0.101 0.149 0.202 0.096 0.064
Table 5
Average weights per block and teaching area.
Weightings Personal Access to Current Choice of a university Study Study
information University data degree habits time
Architecture 1.610 1.314 1.653 1.801 1.780 1.843
Arts 1.648 1.429 1.538 1.978 1.538 1.868
Engineering 1.140 1.445 1.573 1.717 2.103 2.022
Business Administration and 1.280 1.377 1.715 1.981 1.884 1.763
Management
Law 1.713 1.474 1.474 1.554 1.952 1.833
Social and Human Sciences 1.111 1.534 1.772 1.825 1.905 1.852
Health Sciences 0.645 1.613 1.720 2.151 1.935 1.935
Overall average 1.318 1.430 1.641 1.858 1.921 1.882
The deviation between knowledge 0.3826 0.0988 0.1095 0.1965 0.1754 0.0829
areas
Table 6
Average weights per engineering block by educational institution.
Weightings Personal information Access to University Current data Choice of a university degree Study habits Study time
Engineering La Salle-RLU 1.024 1.496 1.850 1.732 2.087 1.811
Engineering Deusto 1.442 1.442 1.346 1.635 2.115 2.019
Engineering Comillas 0.932 1.366 1.429 1.801 2.112 2.360
Engineering average 1.140 1.445 1.573 1.717 2.103 2.022
Engineering deviation 0.272 0.065 0.270 0.084 0.016 0.277
Table 7
Average weights per block of business administration and management by the educational establishment.
Weightings Personal Access to Current Choice of a university Study Study
information University data degree habits time
Business Administration and Management La ~ 1.524 1.190 1.762 2.000 1.762 1.762
Salle-RLU
Business Administration and Management 1.029 1.569 1.667 1.961 2.010 1.765
Comillas
Business Administration and Management 1.280 1.377 1.715 1.981 1.884 1.763
average
Business Administration and Management 0.350 0.267 0.067 0.028 0.175 0.002
deviation
Table 8
Average weights per entitlement block per educational establishment.
Weightings Personal information Access to University Current data Choice of a university degree Study habits Study time
Law Deusto 1.943 1.374 1.517 1.422 1.896 1.848
Law Comillas 0.500 2.000 1.250 2.250 2.250 1.750
Law average 1.713 1.474 1.474 1.554 1.952 1.833
Law deviation 1.020 0.442 0.189 0.586 0.251 0.070
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- Weighting by university centre: the weighting of all the tutors of the university centre where the student is, regardless of the area, is
considered.

The weighting from O to 10 is used as an approximation of the scoring system used in the degrees where the predictive system is
applied. Unlike primary or secondary education, where the Spanish system has changed from 1 to 4, in the case of working in that area,
the scale would be worked on accordingly. This scoring scale will be subjected to validation during the following years of replication of
the system, using the obtained results to validate the designed scale.

d) Classification of the risk of dropout

The result obtained from the weighting of each of the responses provided by the student is divided into four bands. The bands
determining the critical risk of dropout are shown in Table 3, which shows the different ranges.

It is divided into 4 ranges based on the results, as shown in Fig. 1. A Gaussian bell curve is created with the results, creating the
standard deviation and normal distribution. This allows us to detect those students with a very high risk of dropout on the left side of
the graph, with a score below 6, and those with very little risk of dropout on the right side of the graph, with a score above 8. The
central part of the graph is divided into proportional parts to provide more information to the tutor. Thus, if they obtain a score
between 6 and 7, we will say that they have a high probability of dropout, and between 7 and 8 a low probability.

4. Results
a) Weighting per block

Table 4 shows the different weightings according to centre. Initially, a significant difference between centres is already observed
when we take into account personal data and degree choice.

If we analyse each of the areas of knowledge identified in the centres and grouped by common studies (see Table 5), we can observe
significant differences from the data obtained from the weighting by the tutors, which indicates clearly differentiated student profiles.
In this sense, a starting hypothesis in applying the questionnaire to students will be that the result will vary significantly between
applying a global indicator or a specific one by area, the latter being much more precise.

These weights are also analysed according to the degree programme. In this case, in Tables 6-8, we can observe the different
weights of the same area in different centres. Previously, the data with the highest amount of disagreement were personal data and
degree choice, and when we focus on one of the areas where these values are more similar to each other, we can observe the tutor’s
weight has a similar value.

We can observe in Table 6 that there are discrepancies between the different centres and the weights. La Salle-RLU and Deusto
consider the most relevant block for dropout to be study habits, totalling 2.087 and 2.115 out of 10, respectively. Meanwhile, at
Comillas, the amount of time dedicated to studying is considered the most relevant block, with 2.360 out of 10.

In Table 7, we focus on the business area, where the most important blocks vary from those used with engineering students. There
are discrepancies among different centres due to the perceptions of teachers. La Salle-RLU tutors consider the motivation of students
with a chosen degree as the most important factor with 2 out of 10. In Comillas, the most important block for tutors is study habits, with
2.010 out of 10.

The area of law is where the greatest differences are found among different centres. Deusto tutors rated personal data as the most
important factor in the final weighting, with 1.943 out of 10. In contrast, in Comillas, the motivation for the chosen degree and study
habits are considered the most important with 2.250 each.

If we specifically analyse the data by teaching areas, we can see in Table 5 that there are discrepancies, but all tutors position
personal information (1.318 out of 10), access to university (1.430 out of 10), and current data (1.641 out of 10) as the least important
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Fig. 1. Gaussian bell curve and global probability of dropout for range creation.
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values for detecting student dropout. In the architecture and arts majors, the blocks highlighted by their tutors are the choice of degree
with 1.801 and 1.978, respectively, the vocation of those students for that major, and the time dedicated to the major with 1.843 and
1.868, respectively. If we focus on engineering students, one of the most important blocks is also study time, with 2.022 out of 10,
coinciding with the vast majority of the areas studied. In this case, there are differences with the two majors mentioned earlier, as their
tutors consider study habits to be more important, weighting the block with 2.103. In degrees such as Business Management and
Administration, the tutors indicate that the study habit blocks are relatively important with 1.884, along with the student’s vocation
for that major with 1.981. In the case of Social Science degrees, such as Law, Philosophy, Education, Social Work, inter alia, which are
more theoretical degrees, the most relevant blocks are those related to study habits with approximately 1.9 and time dedicated to them
with approximately 1.8. Finally, in the majors related to health sciences, it is observed that the block where the tutors give the most
weight is to vocation, obtaining the highest weighting of the entire table with 2.151, followed by study time and study habits, which
obtain an equal weighting of 1.935. In this case, the weighting of personal data is significantly reduced since the general average is
1.318 and drops to 0.645.

As seen, the most important blocks for the tutors of the specific areas studied are the blocks that receive the most weight in the
general weighting. However, there are differences among the tutors of the different areas, which demonstrates the importance of
different weights depending on the student’s profile.

b) Comparison of the different weights

Once the 4 ranges have been obtained, students are classified from highest to lowest risk of dropout. In Fig. 2, we can observe the
classification of the risk of dropout according to the degree to which they are enrolled.

To analyse the potential risk of dropout among students and compare the different percentages obtained based on the weighting
used, Table 9 is created. This table shows the percentage of dropouts classified from very high to very low probability, vertically
according to the area where those students are located, and horizontally according to the different weights used, which take into
account overall weighting, weighting by area, weighting by area and university centre, and weighting by university centre.

As seen in Table 9, there are differences between the generic and specific weights. In the areas of Engineering, Architecture, Social
and Human Sciences, Health Sciences, and Business Management and Administration, it is already observed that if the criteria of
specific tutors are taken into account, the risk of dropout is higher than if the generic weighting is applied. This increases the number of
students with a high risk of dropout.

In the specific case of engineering, we can identify that 39.224% of the total students in that area are classified with a low risk of
dropout under the general weighting; however, if we observe the specific weighting of the area, that percentage drops to 14.943%. In
contrast, the high risk of dropout sees an increase in the number of students, initially at 55.172% and under the specific weighting
system, 69.109%. In the very high risk of dropout, we can observe the same occurrence, with the percentage increasing from 4.454% to
15.230%.

In degrees such as Law, a Gaussian bell curve is created, where the greatest weight is in the central zone, that of high risk with
60.655%. In the case of this area, there are few differences between the general and specific weights, and we can see that the low risk of
dropout ranges from 36.066% to 32.787% and the high risk of dropout ranges from 60.655% to 64.344%, with these values being very
similar to the general values. Differences can be appreciated when analysing the area-related column in the specific centre, where the
low risk of dropout goes from 36.066% under the general weighting system to 13.115%. On the other hand, the high risk of dropout
and the very high risk of dropout are also modified from 60.655% to 68.852% and from 3.279% to 17.623%, respectively.

Finally, the other area with different centre-specific behaviour is Arts, where under general weighting, the greatest likelihood of
dropout is in the high risk category at 61.403%. If the weighting of the area tutors is taken into account, it can be observed that the high
category with 40.351% of students is translated into either low risk with 42.105% or very high risk of dropout with 15.789%. In this
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Fig. 2. Overall weight of each knowledge field.
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Table 9

Results of the weights between the different degrees and university centres.

Heliyon 9 (2023) e17435

Risk of abandonment ~ Overall weighting ~ Weighting by area ~ Weighting by area and university centre =~ Weighting by a university centre =~ Deviation
Engineering

Very low risk 1.149% 0.718% 0.862% 1.006% 0.185%
Low risk 39.224% 14.943% 14.368% 38.362% 13.942%
High risk 55.172% 69.109% 63.793% 56.034% 6.638%
Very high risk 4.454% 15.230% 20.977% 4.598% 8.183%
Law

Very low risk 0.000% 0.000% 0.410% 0.000% 0.205%
Low risk 36.066% 32.787% 13.115% 36.066% 11.038%
High risk 60.655% 64.344% 68.852% 59.836% 4.117%
Very high risk 3.279% 2.869% 17.623% 4.098% 7.122%
Social and Human Sciences

Very low risk 0.000% 0.000% 0.000% 0.000%
Low risk 48.052% 15.584% 49.351% 19.131%
Medium risk 32.468% 33.117% 31.169% 0.992%
High risk 47,403% 72,078% 46,104% 14,636%
Very high risk 4.545% 12.338% 4.545% 4.499%
Arts

Very low risk 0.000% 1.754% 0.000% 1.013%
Low risk 35.088% 42.105% 38.596% 3.509%
High risk 61.403% 40.351% 57.895% 11.279%
Very high risk 3.509% 15.789% 3.509% 7.090%
Architecture

Very low risk 7.576% 3.030% 7.576% 2.624%
Low risk 27.273% 19.697% 30.303% 5.463%
High risk 62.121% 68.182% 59.091% 4.629%
Very high risk 3.030% 9.091% 3.030% 3.499%
Business Administration and Management

Very low risk 0.000% 0.000% 0.000% 0.000% 0.000%
Low risk 15.354% 16.142% 10.630% 18.504% 3.302%
High risk 76,378% 75,984% 73,228% 73,228% 1712%
Very high risk 8.268% 7.874% 16.142% 8.268% 4.007%
Health Sciences

Very low risk 0.000% 0.000% 0.000% 0.000%
Low risk 31.111% 11.481% 32.963% 11.904%
High risk 62,963% 75,926% 62,963% 7484%
Very high risk 5.926% 12.593% 4.074% 4.480%

way, students of the Arts can be profiled more effectively, since by tending towards a higher or lower band, they provide more in-
formation about their risk and probability of dropping out of the degree.

5. Discussion

The tables shown previously (Tables 4-8) demonstrate the construction of an instrument that measures the risk of student dropout
based on the weighting of personal variables by tutors. The variables that receive the greatest weight are those related to the moti-
vation of the student in the selected degree (1.858), study habits (1.921), and the time they can dedicate to their studies (1.882), as we
can observe in Table 4. These three dimensions add up to more than half of the final score among the three factors, thus answering RQ1.

These three dimensions consist of several values, which also carry varying degrees of importance according to the tutors. Degree
choice (1.858) contains three values with similar weightings, with the security of the chosen degree (0.629) having the highest weight
and therefore the most importance, followed by the other two variables with similar weights: whether it was the first choice in degree
selection (0.585) and perception of the curriculum (0.596).

Table 10

Z test for the mean of the sample.

Comparison 1

Comparison 2

Comparison 3

Overall Area Overall University centre Overall Area and university centre
Media 7.137154 7.11256 7.137154 7.121547 7.11311307 7.1021846
Variance (known) 0.365832 0.373473 0.365832 0.378356 0.3600329 0.44273274
Observations 1738 1738 1738 1738 1192 1192
Z 1.192465 0.754254 0.42111726
P (Z < z) one-tail 0.116539 0.225348 0.33683473
Critical value of z (one-tail) 1.644854 1.644854 1.64485363
Critical value of z (two-tail) 0.233079 0.450697 0.67366946
Critical value of z (two-tail) 1.959964 1.959964 1.95996398
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If we focus on study habits (1.921), we can observe differences in the weighting of the internal variables. Tutors consider the most
important variable in this dimension to be whether students study and review their subjects daily (0.517), which accounts for over a
quarter of the final weight, followed by whether they complete the tasks assigned to them (0.51). The sum of these two variables
accounts for more than half of the final score of the dimension, making them the most relevant and important variables for monitoring
students during their degree.

Finally, with the highest score obtained in the last dimension, study time (1.882) reveals that the variables have relatively similar
values. The variable with the highest importance is motivation to study (0.333), followed by the existence of any family situation that
may affect their studies (0.281) and the hours they plan to dedicate to their studies (0.276).

Next, the comparison of the results using different weightings, using a z test, provides data shown in Table 10. In the process of
applying the questionnaire to student responses, it becomes clear that different approaches can be applied. That is, the average weights
of all tutors, regardless of the field of knowledge or centre, can be applied. Alternatively, the average weights from the tutors in the
same centre can be applied, or even the average weights per area of study/degree in which the potential dropout risk is being studied.
To analyse whether the differences obtained from the different averages of weights are significant, we applied Student’s z test, which is
suitable for the conditions of the samples we have. On the one hand, the variances of the samples are known, the samples are inde-
pendent of each other, and the sample size is greater than 30 with a normal distribution.

Student’s z test was used, with the null hypothesis (HO) that there are differences between the application of the different weighting
systems. The statistical significance p is 0.116539 for Comparison 1 (Overall weighting and Weighting by area), 0.225348 for Com-
parison 2 (Overall weighting and Weighting by a university centre) and 0.3368 (Overall weighting and Weighting by area and uni-
versity centre), which all exceed the threshold of 0.05, meaning there is a very low probability that the different weighting systems
produce different results (Table 10). The null hypothesis is rejected, such that there are no significant differences in the weighting of
the main variables by the tutors using area of knowledge, university and/or region to affect the calculation of the dropout probability,
thus answering RQ2.

However, in the process of categorizing the results obtained through different weighting methods, the specific tutors for each area
observed how those small differences from the general survey that are observed in the weighting by area of discipline seem to be more
likely to approximate the reality of their students, even though the differences, as it has been suggest, are not statistically significant.
This can be observed in Table 11.

This subjective perception of the tutors, according to the weighting applied by knowledge domain, seems to fit better than the rest
of the weighting systems, providing us with a path to explore in future iterations. Notably, qualitative approaches (tutors’ perception)
appear to challenge or compromise the quantitative data obtained. In this sense, mixed approaches for user-focused research have
already demonstrated their validity and effectiveness, opening a line of research that compares this perception with semiautomatic
prediction systems [43-45].

We can observe that the percentages in the overall weighting system and in the weighting of the specific centre are the same, while
the application of the weighting system by area and centre is less similar than the rest. In the case of applying weighting systems by
area, a difference in accuracy of 1% can be observed. These values will be corroborated at the end of the course as the final results of the
students will be obtained.

The results obtained from the designed survey instrument show that a predictive process can be tailored to personal variables of the
student at the beginning of university that configure his or her potential risk of dropping out. This risk can be treated both objectively,
based on the value obtained, or subjectively by the tutor, who has experience with the behaviour of students based on their academic
performance, especially in the first courses.

The study has shown that by collecting these variables, the risk predicted by the survey instrument is close to the perception of the
tutors, so it can be a very useful tool for teachers or tutors with less teaching experience to identify students at risk. Moreover, as seen
from the data, the tool is not only predictive and functional in the early stages of the course but also adapts without significant dif-
ferences to any type of degree programme, whether it is in the technical field or in the academic field.

6. Conclusions

The research presented here demonstrates that it is possible to define an entry profile for different groups of students and identify
the variables needed to predict dropout. Thanks to the survey instrument created, tutors were able to reduce their initial effort and help
students anticipate their work. Initially, tutors did not receive information about their mentees until the first tutorial meeting. The
questionnaires help the tutors receive data at the beginning of the year to speed up their work and detect at-risk students as soon as
possible. These aspects are essential in a university environment because it has been proven that the proportion of students who drop
out increases considerably for those at the beginning of their studies, even in the first few months.

The combination of preexisting indicators, in some cases adopted from other studies, and improved through a qualitative Delphi

Table 11
Comparison between teachers’ perception in the first semester and predictions.
Overall weighting Weighting by area Weighting by area and university centre Weighting by a university centre
Same 81% 82% 76% 81%
Medium 14% 13% 18% 14%
Opposite 5% 5% 6% 5%
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process with tutors, provides an instrument that in initial assessments by tutors identifies potential students at risk of dropout in any
field of knowledge with high accuracy (above 80%). This fact may help to replicate the study in other fields and/or further refine
whether the instrument’s behaviour is consistent for public, private, and/or any branch of knowledge and/or geographic scope.

The study was carried out in three different geographical areas, with three private universities and more than 10 different degrees,
covering scientific-technical, humanistic, and social areas. In this sense, the results of the study would be applicable to any state
university with an existing academic tutoring process. Undoubtedly, one of the potential weaknesses of the study is its limitation to
these private institutions. The medium-term goal is to scale the proposal to public centres throughout Spain and Europe through
collaborations in Erasmus + projects.

The process, as we have mentioned, is based on an iterative methodology of data exploration, and the reliability of the instrument
will be confirmed over the next two years through internal measures and comparisons of its application. Over the next few academic
years, the weights of the indicators will be adjusted, leading to a better approximation to reality, as well as the search for a semi-
automatic format that allows the survey instrument to generate predictions of characteristic behaviour. In this sense, the main
contribution of the article compared to previous studies is the creation of a tool that provides an indicator value that predicts the
potential risk of student dropout, as a function of relating all the studied variables.

Evaluating the results obtained from different centres, the most influential data from students who drop out prematurely are the
choice of degree, study habits, and the time dedicated to study. Continuing with the analysis carried out in recent years, the data
collected are expanded and individualized weighting systems are made instead of generic ones, and by repeatedly evaluating this
process over the years, this project establishes that it is possible to control dropouts that may occur due to frustration, lack of moti-
vation, or lack of knowledge of the chosen degree.

The main limitations of the proposal are identified as future challenges to be addressed. First, it is necessary to delve into the
comparison between the data obtained from the survey and the tutors’ perception. As discussed, while there are initially no significant
differences between the use of global, centre-based, or discipline-based weights, subjective differences by field of study have been
observed. Certain tutors in very specific fields such as architecture or engineering identify field averages as more in line with their
observed reality and knowledge of their students. This aspect is vital because it will define the tools and actions that tutors can apply to
mitigate the risk of dropout. In this sense, pilot experiences are already being carried out in the universities under study to apply
coaching-derived processes to students identified by the initial questionnaire. The success of the applied actions will need to be verified
in subsequent academic years.

Both the success of the data analysis and tutor activities that will validate the instrument will be based on the number of dropouts at
the end of the year, understood as a success if that number has been initially identified by the system, assuming that some students
initially identified as high risk will not drop out thanks to the interventions of the tutors and their work throughout the year. Likewise,
with this end-of-year monitoring process and through temporal repetitions, the following years will be able to refine the weights and
ultimately the instrument for each of the disciplines and centres. The iterative nature of the proposal is another limitation of the study
that the project itself will solve throughout the 2023-2024 academic year, based on its repetitive and iterative methodology. With
potential adjustments to the questionnaire weights based on the validation of the data, a more reliable tool will be obtained for
predicting the risk of dropout.

Similarly, as a challenge linked to the limitation of working with the perceptions of tutors and students, we are already investi-
gating the use of artificial intelligence tools and semiautomatic predictive algorithms to compare the results obtained from the survey
instrument with automatic analysis of tutor monitoring/assessment. This aspect is vital, as it will improve the tutor’s workflow without
the need for an initial predictive process but by directly using the data returned by the system to establish a strategy to monitor,
intervene, and support students.
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