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Abstract: A main goal of the university institution should be to reduce the desertion of its students,
in fact, the dropout rate constitutes a basic indicator in the accreditation processes of university
centers. Thus, evaluating the cognitive functions and learning skills of students with an increased
risk of academic failure can be useful for the adoption of strategies for preventing and reducing
school dropout. In this research, cognitive functions and learning skills in 284 university students
were evaluated. Academic performance predictors were identified, and conglomerates analysis
was carried out to establish groups according to those variables. The stability and validity of the
conglomerates were tested with discriminant analyzes and comparison tests. The variables associated
significantly to academic performance were: attention, intelligence, motivation, metacognition and
affective components. The conglomerate analysis suggested a three-group solution: (1) students with
cognitive skills of moderate to high, but deficient learning strategies; (2) students with cognitive and
learning capabilities of moderate to high; (3) students with cognitive functions low and moderate
learning capacity. Students from groups 1 and 3 showed worse academic performance; 83.3% of
students at risk of desertion belonged to such groups. Two groups of students have been identified
with the highest risk of academic failure: those with poor cognitive capacity and those with bad
learning skills.
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1. Introduction

It is a fact that investing in higher education and training brings benefits for both
students and society [1]. Improving the formation of a society’s human capital is key to en-
hancing its economic development and overcoming inequalities between social classes [1,2].

Dropout in higher education not only has a considerable impact on a student’s self-
esteem, well-being and employability, but also implies a high cost for institutions [3]. In
fact, the dropout rate is an indicator of quality for university educational programs and
may have an impact on their reputation, profit and funding [4]. In European countries,
nearly 20% of students leave their studies before graduating [5,6].

Broadly speaking, university dropout can be due to involuntary reasons, such as
failure to meet the academic standards and demands, or due to personal decisions, such
as enrolment in a different university or educational program. The most critical time for
dropout is the first four semesters of the degree [7]. Hicks and Heastie (2008) [8] highlighted
that the first year of college is the most difficult period of adjustment students may face.
Social challenges together with academic pressures are stressors for new students [9].
Higher education requires flexibility and the ability to adjust to a new learning environment
that demands a more independent and autonomous approach to learning [10].

Literature about the causes and persistence of higher education dropout suggests
individual, institutional and socioeconomical factors.
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The most cited models by researchers in the field of education, to explain school
dropout are based on Tinto’s Theory of Dropout [11,12]. The author, establishes the
importance of the role played by the institutions in relation to the student’s decision to
abandon his studies and considers that the risk of desertion of university students, can be
explained with five factors (psychological, social, economic, economic, institutional and
interactionist). He takes into account that the university student has personal attributes,
family and social conditions, as well as previous experiences that are bidirectionally related
to the commitments and initial goals that he establishes within the institution.

Students’ performance in secondary education has been reported as a predictor of
university achievement [13–17]. Nevertheless, students with higher scores in secondary
education are not always able to cope with academic demands and thus they do not always
adjust to university so easily [18].

Currently, acceptance into university is determined by the qualifications obtained
in both secondary education and entrance examinations, which reflect knowledge on
different subjects. Although necessary, such selection criteria seem to be insufficient to
ensure the completion of university. Academic achievement in secondary education is
associated with students’ cognitive functions and personality traits that have not reached
maturity yet [19,20]. Other factors that have effects on students’ performance are the knowl-
edge and use of learning strategies [21]. Such strategies include “behavioural, cognitive,
metacognitive, motivational, or affective processes or actions that facilitate understanding,
learning, and meaningful encoding, as well as integration of new knowledge and skills into
memory” [22]. High academic achieving university students show better use of learning
strategies than students with lower academic performance [23–25]. In addition, complex
interrelations between cognitive functions and some learning strategies have been sug-
gested. In a similar sense, a positive association between the use of learning strategies and
cognitive skills, such as scientific reasoning, has also been pointed out [26]. In addition,
metacognitive competence was found to be positively correlated with exam anxiety [27].
Coping strategies are related to a more adaptive behavior and resilience [28]. In this same
line of the importance of psychological factors, there are also the contribution of Roso-Bas,
Pades and García-Buades (2016) [29] for whom students with high self-esteem is more
resilient and, therefore, it is more likely to continue with their studies.

Given their effects on academic performance, it seems logical to think that low cog-
nitive functions and poor use of metacognitive strategies might contribute to students’
failure and dropout. Therefore, the identification of student profiles according to cognitive
variables and learning strategies would allow us to identify individuals at risk of academic
failure, and thus develop more efficient preventive strategies. In this way, we might gener-
ate learning conditions that consider the specific needs of students with difficulties and
ease their adaptation to university life.

The objectives of this work are: (a) to determine the existence of profiles of first-year
university students based on their cognitive functions and learning strategies, and (b) to
evaluate the relationship of such profiles with academic performance and risk of failure.

2. Methods
2.1. Participants

This study was carried out with first-year university students of degrees related to
Health Sciences at the Catholic University of Murcia (UCAM). Convenience sampling was
employed. Students with previous university studies or belonging to exchange programs
were excluded. Participation in the research was absolutely voluntary. In order to guarantee
freedom all potential participants were informed in detail of the project: of their goals,
the information required, the expected results and the dissemination of the results. All
participants were guaranteed anonymity. Under no circumstances would the identity of
the participating subjects be known. The participants were assured the reception of the
reports from the study. The Bioethics Committee of the Catholic University of Murcia
approved of this study.
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2.2. Instruments
2.2.1. D2 Test (Nicolás Seisdedos Cubero, Técnico del Departamento de I+D+i de TEA
Ediciones, S.A.U.)

The D2 test is a cancellation test that measures facets of attention such as visual
scanning speed, sustained attention and selective attention [30]. It consists of 14 rows, each
one with 47 characters. Subjects have to identify and cross the characters consisting of “d”
with two apostrophes a total of 299 elements ignoring the rest (359 irrelevant stimuli). The
time limit is 20 s per row. The resulting scores are: TR (total number of answers attempted),
TA (total number of correct answers), O (omissions or number of relevant elements tried
but not crossed), C (commissions or number of irrelevant elements crossed), TOT (total
effectiveness in the test: TR − (O + C), CON (concentration index or TA-C), TR + (line
with the highest number of items attempted), TR − (line with the least number of items
attempted) and VAR, variation index or difference between TR+ and TR−). For analyses
TOT score was used.

2.2.2. Raven Progressive Matrices (Raven Matrices Progresivas. Copyright Edición
Española © 1995, 1996 by TEA Ediciones, S.A. Madrid (España)I.S.B.N.:
84-7174-403-1Depósito Legal: M-535-1996)

It is a widely used instrument for measuring abstract reasoning. Its score is regarded
as a non-verbal estimate of fluid intelligence. The general scale consisted of five sets (A
to E) of 12 items each, becoming increasingly complex. The total score is the sum of the
elements solved correctly (range: 0–60). In the present study, this test was collectively
administered.

2.2.3. Rey-Osterrieth Complex Figure Test (Rey A.Test de Copia de una Figura Compleja.
Manuel. Adaptación española. Madrid: TEA Ediciones, 1997)

It is a well-known test for assessing visuospatial constructional ability and visual
memory [31]. Commonly, the test is administered in three trials: copy, immediate memory
and delayed memory (20–30 min after being shown). Two scores can be obtained in
each trial: reproduction performance and organizational strategies [32]. The test was
administered following the suggested procedure [33]. In the present study, reproduction
performance in the delayed trial (30 min after copying the figure) was used as a predictor
of academic performance.

2.2.4. Questionnaire to Assess the Learning Strategies of University Students (CEVEAPEU)

It is an instrument of 88 items related to the learning strategies followed by the
students [34]. Each item is answered on a scale of 1–5 according to the degree of agreement
with the statement it collects. The questionnaire is organized into two scales that include
six subscales: motivational strategies (MOT), affective components (AFE), metacognitive
strategies (MTC), strategies of context control, social interaction and resources management
(ECC), strategies of searching and Information selection (EBI) and strategies of processing
and information (EPI). The score of each subscale is the average of its item scores (it ranges
from 1 to 5). The reliability and internal structure of the questionnaire has been proved [35].

2.2.5. Academic Performance

The percentage of credits earned and the weighted grade point average (GPA) were
used as measures of academic performance. In addition, two groups of students were
established according their percentage of earned credits. Students at risk of dropping out
were those who earned less than 30% of credits.

2.2.6. Statistical Analysis

The selection of variables for cluster analysis was conducted based on their association
with academic performance variables (Pearson’s correlations and χ2-square test). We did
not include highly correlated variables into the analysis to prevent multicollinearity. Before
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undertaking the cluster analysis, the selected variables were standardized to control for
unequal scaling of the data. Following the suggested by Hair et al. [36], the sample was
split into two groups (n = 142). In the first group, a hierarchical cluster analysis following
the Ward’s method was performed to find the appropriate number of clusters. The results
of this analysis were confirmed in the second group using the k-mean methods. Finally, a
k-means cluster analysis was carried out in the whole sample to determine the assignment
of the individual cases into the clusters. Once group membership was determined, a
discriminant function analysis was undertaken to confirm predicted membership. The
generalizability of the clusters was assessed by comparing groups on demographics (sex
and age) and type of career using ANOVA test and χ2-square statistic test. The analysis
was conducted on the association between clusters and the variables related to academic
performance and belonging to a risk group by using ANOVA test and χ2-scuare statistic.

3. Results
3.1. Classification Analyses

The sample consisted of 284 students, whose sociodemographic characteristics, scores
in cognitive tests and in learning strategies instruments are shown in Table 1. The variables
significantly correlated to academic performance measures were in TA, CON, RVN, MOT,
AFE, MTC and ECC (Table 1). All but CON (also highly correlated with TA) were included
in the cluster analysis. The first cluster analysis indicated the three clusters of students
(highest average silhouette width). This result was confirmed with the k-means method.
Figure 1 shows the standardized scores of the variables in each cluster. Three profiles
of students are represented: those with high scores for care, intelligence, learning and
metacognition strategies (Cluster 2), those who have high score in cognitive variables but
low in learning and metacognition strategies (Cluster 1) and those characterized by low
cognition and moderate puncture in learning and metacognition strategies.

Table 1. Descriptive statistics of cognitive and learning strategies variables and their correlations
with academic outcome measures.

Pearson’s Correlation Coefficient

Mean SD % ECTS GPA
TOT 190.13 39.06 0.17 ** 0.16 **
CON 468.63 76.76 0.19 ** 0.18 **
RVN 22.22 5.87 0.26 ** 0.25 **

FCR-M 65.16 19.37 0.01 0.02
MOT 3.71 0.26 0.15 * 0.15 *
AFE 2.84 0.51 0.14 * 0.13 *
MTC 3.69 0.42 0.13 * 0.13 *
ECC 3.99 0.46 0.05 0.01
EBI 3.39 0.50 0.04 0.05
EPI 3.73 0.44 0.06 0.07

TOT: total effectiveness of D2 test; CON: concentration index; RVN: Raven matrices’ scores; MOT: motivational
strategies; AFE: affective components; MTC: metacognitive strategies; ECC: strategies of context control, social
interaction and resource management; EBI: strategies of searching and information selection; EPI: strategies of
processing and information; % ECTS: percentage of credit surpassed; GPA: average grades. * p ≤ 0.05; ** p ≤ 0.01.

The results of discriminant analysis confirmed the relevance of all the variables in
determining cluster membership. Two discriminant functions were obtained with eigen-
values of 1.93 and 0.86. The relative contribution of each variable to the discrimination
between groups is displayed in Table 2. Accordingly, matrix structure coefficients indicated
that MTC, MOT and AFE correlated with function 1 (0.65, 0.57 and 0.52, respectively)
while TOT and RVN correlated with function 2 (r = 0.75 and 0.55, respectively). Figure 2
shows that function 1 discriminates mostly between clusters 2 and 3, whereas function 2
discriminates between clusters 1 and 2 and cluster 3.
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Table 2. Standardized coefficients for the variables for the discriminant functions.

Function 1 Function 2

TOT 0.65
RVN 0.84
MOT 0.48
AFE 0.63
MTC 0.62

TOT: total effectiveness of D2 test; RVN: Raven matrices’ scores; MOT: motivational strategies; AFE: affective
components, MTC: metacognitive strategies. <0.20 standard coefficients were suppressed.
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3.2. Interpretation of Clusters

Comparative analysis among clusters showed that RVN and learning strategies mean
scores were higher in cluster 2 than in clusters 1 and 3 (Table 3). In addition, mean scores of
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both FCR-M and attentional measures were significantly higher in cluster 2 than in cluster
3. Finally, mean scores of cognitive measures were significantly higher in cluster 1 than in
cluster 3 while learning strategies mean scores were significantly higher in cluster 3 than in
cluster 1.

Table 3. Differences in mean among clusters.

Differences in Mean

Cluster 1 vs. Cluster 2 Cluster1 vs. Cluster 3 Cluster 2 vs. Cluster 3
TOT −5.38 36.61 ** 41.99 **
CON −9.96 72.68 ** 82.63 **
RVN −1.31 * 4.07 ** 5.38 **

FCR-M −0.71 3.19 ** 3.90 **
MOT −0.41 ** −0.23 ** 0.18 **
AFE −0.79 ** −0.51 ** 0.27 **
MTC −0.67 ** −0.39 ** 0.28 **
ECC −0.49 ** −0.30 ** 0.18 **
EBI −0.59 ** −0.24 ** 0.35 **
EPI −0.44 ** −0.21 ** 0.23 **

TOT: total effectiveness of D2 test; CON: concentration index; RVN: Raven matrices’ scores; MOT: motivational
strategies; AFE: affective components; MTC: metacognitive strategies; ECC: strategies of context control, social
interaction and resource management; EBI: strategies of searching and information selection; EPI: strategies of
processing and information. * p ≤ 0.05; ** p ≤ 0.01.

However, no significant differences were found among clusters in mean age
(F(2, 281) = 2.60, p = 0.08), by sex (χ2

(2) = 3.47, p = 0.177) and type of career (χ2
(8) = 15.57,

p = 0.05).
Cluster 1 (n = 76) consisted of students with moderate to high attention and fluid

intelligence scores but low scores in learning strategies. After the conversion of standard
scores to percentile ranks, it was observed that 89.5% of these students’ MOT scores were
below 50th centile. In 90.8% AFE scores were below 50th centile, and in 76.2% below 30th
centile. In 94.7% MTC scores were below 50th centile and in 76.2% below 30th centile.

Cluster 2 (n = 99) consisted of students with moderate to high scores in attention, fluid
intelligence and learning strategies. Actually, 52.1% of the students showed TOT scores
above 70th centile. Concerning fluid intelligence, 58.8% of the students showed RVN scores
higher 75th centile.

Cluster 3 (n = 109) included students with low scores in cognitive measures and
moderate scores in learning strategies. More than a third of these students scored in TA
and RVN more than 1 SD below the mean. Both TOT and CON scores were in 81.7 percent
of the cases below 50th centile and in almost 51.7 percent of the cases were below 30th
centile. Regarding fluid intelligence (RVN), 86.2 percent of these students were below the
50th centile.

3.3. Relation between Cluster and Academic Performance Measures

Planned comparisons among clusters showed that the percent of earned credits by
cluster 2 (67.10 (SD = 25.22)) was significantly higher than those earned by cluster 1
(52.80 (SD = 27.32), and by cluster 3 (57.60 (SD = 27.70) with p < 0.05 for both contrasts.
Additionally, the weighted grade point average was higher in cluster 2 (5.4 (SD = 1.30)
than in cluster 1 (3.28 (SD = 1.68) and cluster 3 (3.79 (SD = 2.07) with p lower than 0.05
in both cases. The percentage of students who did not earn 30% of ECTS was higher in
cluster 1 (25%) and in cluster 3 (23.8%) than in cluster 2 (9%), with p < 0.05 in both contrasts.
Furthermore, 83.3% of students who did not earn one third of ECTS belonged to cluster 1
or 3. There was not a significant difference between cluster 1 and cluster 3 in the percent of
earned ECTS (t(163) = −1.58, p = 0.115), the weighted GPA (t(183) = −1.15, p = 0.250) and the
percentage of students who earned 30% of ECTS (χ2

(1) = 0.24, p = 0.626).
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4. Discussion and Conclusions

This study identified three distinct cognitive and learning profiles in first year univer-
sity students.

The clusters were relatively balanced in size and stable across age, sex and type of
career. One cluster (cluster 1; n = 76) was characterized by poor motivational, metacognitive
and affective learning strategies but medium-high scores in attention and intelligence;
another cluster (cluster 2; n = 79) was characterized by medium-high scores in both
cognitive and learning strategies measures; the final cluster (cluster 3; n = 109) showed
reduced performance in attention and intelligence but preservation of learning strategies.

Our findings indicate that in university students, differences in intelligence and
attention may have an influence on academic performance. Students with lower intelligence
and attention (cluster 3) earned early 50% of ECTS on average and have a low weighted
grade point average. A quarter of these students were at risk of dropout (earned less
than 30% of ECTS). These results agree with previous findings that deficits in sustaining
attention in class were more common in students with poor self-regulation and learning
difficulties [37]. Nevertheless, the low academic performance of students from cluster
3 might also be due to their lower intelligence as suggested in previous studies [38].
Intelligence is related to potential to learn and prior academic performance [39,40], which
is a reward for engagement in learning processes [41]. Although intelligence is highly
heritable, it has been shown to be malleable, especially in the youth [42]. In this sense,
working memory training relates to a higher performance of top-down cognitive control
mechanisms, such as selective attention and cognitive control, which positively correlated
with fluid intelligence [43]. This type of training together is likely to improve the academic
performance and retention of students with this profile.

On the other hand, our results confirm the importance of motivational, affective
and metacognitive strategies on academic achievement suggested in the literature [23,24].
In fact, students from cluster 1, who have low scores in motivation, metacognitive and
affective strategies, obtained a low weighted grade point average and just earned 50%
of ECTS on average. In this regard, students with poor learning strategies are more
likely to adopt a surface learning approach [44], which is related to worse academic
achievement [45]. In our data, motivation, metacognition and emotional components are
the learning strategies which best differentiate students on the basis of their academic
performance. Actually, motivation, the force that encourages students to learn and face
all challenges, is the main determinant of the learning approach [46]. Metacognitive
strategies of learning included activities and processes which allowed students to be aware
of their own thoughts and to monitor their learning progress [47]. Hence, the relevance
of metacognitive strategies on learning processes seems to be greater than other learning
strategies [48]. In spite of that, the implementation of learning strategies courses to improve
metacognition in university students is still scarce [49]. Finally, affective strategies enabling
emotional stability, and anxiety regulation may have large effects on academic performance
and retention of students. Students with lower emotional intelligence are bound to show
higher stress levels in the transition to university and might be more prone to dropout [26].
In addition, students who suffer higher anxiety before tests show a worse performance [50].
Thus, interventions to reduce anxiety before exams result in better academic performance
in higher education students [51].

There is agreement, almost unanimous, that the problem of school desertion is multi-
factorial: psychological characteristics of students, family and social, organizational and
institutional conditions. This research has focused on the analysis of individual, cognitive
and metacognitive psychological characteristics. In each university center and in accor-
dance with the identified profiles, programs should be developed to strengthen the skills
and training resources of students.

Some of such strategies that could be implanted are the premature identification of
student cognitive profile, the implementation of actions addressed to the development
of cognitive skills (work memory training and cognitive control and courses of learning
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strategies to improve the metacognition of students. It would also be recommended moni-
toring with affective coping techniques that allow emotional stability and the regulation of
anxiety.

The approach of this study is novel but there are some limitations. First, despite clus-
ters being stable across age, sex and type of career, the non-random sampling used in this
study may limit generalizability of their findings. Secondly, although the main predictors of
academic performance have been considered, inter-cluster differences might be associated
with other factors, such personality traits or socioeconomic status. Notwithstanding these
limitations, this study suggests that distinct cognitive and learning strategies profiling has
the potential to predict academic failure, and, therefore, individually tailored intervention
strategies should be designed.
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