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Abstract 
Almost all teaching activities, especially in official settings (primary, secondary/middle, high school or 
university) end up in the need of reducing the overall assessment of student learning to a single 
number. However, continuous assessment through different activities to evaluate student’s progress in 
the development of various skills provides several scores that together define student’s performance. 

The work presents an approach to consider each student in an overall way (as a whole) taking into 
account all the activities carried out. This is done by a Principal Component Analysis of the data matrix 
obtained after evaluating several different learning activities in a group of 33 students in the first 
semester of a first university course (Chemistry degree). The activities include the performance of 
every student in diverse situations that require the development of different skills when tackling real 
cases (case method as teaching approach): working individually or in groups, and with or without the 
support of an instructor/teacher. 

The first principal component is indeed a weighted average of the scores, but that takes into account 
the performance of the group of students. The second and third principal components describe the 
performance of students in different learning contexts. Thus, it also highlights the skills better or worse 
developed by each student, compared to the other students in that group. The drawback is that the 
weights to compute the principal components are group-dependent and, as such, the method cannot 
be used to define prior weights for each learning activity, which is the usual demand in the syllabus of 
each subject in almost any academic institution. 
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1 INTRODUCTION  
In the context of the extraordinary social changes of our times, the paradigms of learning are speedily 
evolving. New theories have emerged that define the features of learning in contrast to traditional 
models. The development of the theory of the New Learning, Cope and Kalantzis [1] detail major 
differences in terms of epistemic, discursive, social, evaluative and even time-space dimensions. This 
means the transformation of the learner’s role from a knowledge consumer, linked to passive 
knowledge acquisition and memorization, to an active knowledge producer who makes his way in 
discovering and discerning knowledge. 

From the isolated learner facing academic lectures and textbooks, a new learner is rising who can 
resort to using the countless multimodal tools available and even collaborative intelligence. In addition, 
the learner is no longer confined by the walls of the classroom and cells of the timetable and can make 
the most of ubiquitous learning. With an essential role in the new learning paradigm, educators are 
adapting their teaching styles and methodologies, increasingly focused on designing effective 
activities [2] to foster and guide learning in this framework. 

Regarding the evaluative dimension of learning, the new learning means a change from just 
summative assessments, based on retrospective judgments that just serve grading purposes or 
certifying competence, into formative assessment which is prospective and constructive. Teachers 
develop activities aiming at the promotion of students’ learning and use a recursive feedback, 
immediately actionable with current technological tools, and even learning analytics [3, 4]. This allows 
for modifying teaching and learning activities to meet learning needs. 
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The conception of learning described is in line with the trend towards personalizing education as the 
Organisation for Economic Co-operation and Development (OECD) has been promoting [5]. Its 
research points out a growing awareness that one-size-fits-all approaches to learning are ill-adapted 
to students’ needs and those of society. Personalization calls for the development of the competence 
and confidence of each learner through learning strategies which build on individual needs. It requires 
a constant and updated diagnosis to identify every student’s learning needs and this, in turn, the use 
of dialogue and data coming from formative assessment.  

Finally, learning in OECD countries is progressively developed within the framework of the so-called 
competency-based education, i.e. learning systems that seek to document that a learner has attained 
a given competency or set of competencies. Exhibiting competency in a domain implies a mix and 
interaction of various components: cognitive (knowledge and skills), metacognitive (self-appraisal, self-
regulation) along with non-cognitive elements such as motivation, volition, affectivity or social 
dispositions. All these components come into play when students perform a specific activity and 
learning assessment should be based on observed performance on criterion tasks in varying contexts 
and situations.  

As the European Union (EU) has recently recommended [6], memorization of facts and procedures is 
key but not enough in the knowledge economy and competencies such as “problem solving, critical 
thinking, ability to cooperate, creativity, computational thinking, and self-regulation” are essential to 
generate new ideas and knowledge. 

However, measurement of competencies is a complex and multidimensional issue which poses 
methodological challenges. This is especially relevant in higher education [7], not only due to the 
concern of providing knowledge relevant to employability in response to the changing nature of work 
but also to the high diversity of degree courses, study programs and institutions. Despite the OECD 
efforts to promote proper assessments methods in higher education (Assessment of Higher Education 
Learning Outcomes, AHELO reports [8-10]) and the EU Bologna reform, which also led to definitions 
of learning outcomes, difficulties remain at assessing students’ learning. 

In this paper, we suggest an evaluation of competencies that considers the multivariate information 
from learning activities developed over an undergraduate degree course. Regardless of whether 
activities take place in or off-campus, the continuous assessment carried out encompasses both 
individual tasks to encourage independent learning, and group-based activities to foster collaborative 
learning.  

The work shows how the use of a multivariate statistical technique, such as Principal Component 
Analysis, can help the teacher/instructor describe the performance of each student in terms of the 
learning activities he or she carried out. Whether it is used as a tool for the final grade of the group of 
students (in relation to the rest of the students of that group) or as a tool to highlight the competences 
in which each student is strong or weak (to strengthen the weaker competences and encourage the 
strongest) is a matter for each user. 

The following section describes the methodology in terms of the dataset and statistical model used. 
Section 3 details the main results of the analysis. Finally, some conclusions are drawn. 

2 METHODOLOGY 
The dataset is a matrix of 33 rows corresponding to undergraduate students in Chemistry Degree (first 
year) and 8 columns, with grades coming from their continuous assessment. 

The continuous assessment comprises a series of activities developed in the classroom (on-site) as 
well as some guided activities intended to be done outside the classroom (off-campus). Besides, these 
tasks are described as either individual or group activities. Therefore, the list of variables consist of 
grades in these activities as follows:  

1 CG1: on-site, Classroom Group-activity 1 
2 CG2: on-site, Classroom Group-activity 2 
3 OG1: Off-campus Group-activity 1 
4 OG2: Off-campus Group-activity 2 
5 CI1: on-site, Classroom Individual activity 1 
6 OI1: Off-campus Individual activity 1 
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7 OI2: Off-campus Individual activity 2 
8 OI3: Off-campus Individual activity 3 

Principal Component Analysis (PCA) is a mathematical technique for the extraction of information from 
a matrix of n row points (students) and p column variables (grades in different activities) by means of 
linear combinations of the original variables [11]. PCA computes components in descending order 
according to the amount of variance captured under the constraint that each component is orthogonal 
to the preceding ones.  

Thus, we can retain a number of components that accounts for an acceptable percentage of the total 
variance, i.e. a small number of principal components that describe the main patterns in the data. 
Computation of these new “latent variables” can be understood as the construction of new coordinate 
axes used as natural axes for our dataset. 

This has a twofold advantage: we can represent the n data points (33 students in our example) of p 
dimensions (8 grades in our example) in a space of lower dimension while we transform original 
correlated variables into new uncorrelated variables, allowing for an easier interpretation of data  

The outcomes of PCA are scores, i.e. the projections of data points into the new components; and 
loadings, the weights by which each original variable should be multiplied to get the component score. 

PCA is generally applied to data that have been auto- scaled, i.e. mean-centred and column-scaled to 
unit variance, which balances the variables that have different units.  

Data points with similar scores follow similar patterns in relation to a principal component, whereas 
variables with similar loadings in a principal component are related to each other. Geometrically, the 
representation of data points in the principal components reveals groupings in data point classes, 
which helps us to clarify trends, as well as detecting outliers. 

3 RESULTS 

3.1 Choice of the number of Principal Components 
The eigenvalues along with the percentage of the variance that each Principal Component (PC) 
captures are shown in Table 1. 

As the aim of the analysis is to obtain a small number of linear combinations of the 8 variables which 
account for most of the variability in the data, 3 components have been extracted accounting for 71.64 
% of the variability in the original data. Given that the data have been auto-scaled, the remaining PCs, 
with eigenvalue less than 1, are not considered.  

The largest variation is explained by PC1, 39.51 % of the total variance whereas PC2 and PC3, with 
eigenvalues of similar size, near 1.3, explain 17.32 % and 14.80 % respectively. In addition, as 
detailed in the next section, both PC2 and PC3 provide a meaningful insight in describing student 
performance in competency-based activities, which is our ultimate goal. 

Table 1. Principal Components Analysis. Eigenvalues and percentages of explained variance 

PC number Eigenvalue Variance explained (%) Cumulative Variance (%) 

1 3.16 39.51 39.51 

2 1.39 17.32 56.84 

3 1.18 14.80 71.64 

4 0.69 8.59 80.22 

5 0.54 6.80 87.02 

6 0.44 5.55 92.58 

7 0.36 4.54 97.12 

8 0.23 2.88 100.00 
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3.2 Interpretation of the Principal Component Analysis 
Once a three-PC model has been determined, we can explore the data by viewing the scores, which 
show the relationship between students, and the loadings, which show the relationships between 
performances in different competency-based activities. 

Fig. 1 shows the loadings of each variable in the three-PC model.  

 
Figure 1: Loadings of each variable in the three-PC model 

PC1, almost 40 % of the overall variation, exhibits a positive loading in every variable (blue bars). The 
loadings are rather similar in magnitude, which suggests that the first PC is somewhat positively 
correlated with all kind of activities in continuous assessment, whether on-site or off-campus, 
individual or group-based. It is what is known as a ‘size effect’ component, just a weighted average of 
all the individual performances.  

Along the second direction PC2 (17.3 % of the overall variation), the variables that load most 
noticeably are grades from tasks developed in the classroom, CG1, CG2 and CI1, which load 
positively, as opposed to tasks developed outside the classroom, OG1, OG2 and OI2 with negative 
loadings (red bars), thus indicating that both groups of variables are opposed to each other. Therefore, 
PC2 describes the contrast between students’ performance on-site with that off-campus (on-site 
versus off-campus). 
Examination of the loadings in the third component (yellow bars) indicates that the variables that 
contribute most remarkably to PC3 are the individual activities OI1, OI2 and OI3 with negative 
loadings, which differ from those group-based, particularly, OG1 and OG2 with positive loadings. This 
reveals a pattern of individual versus group performance, except for CI1 which does not follow this 
pattern as it loads positively in this component even though it is an individual task.  

Once the principal components have been described in terms of loadings of the measured variables, 
scores of students on these components can be further explored. 

Fig. 2 shows the score plot on PC1 and PC2. In relation to PC1, which accounts for the greatest 
percentage of variability in the dataset, as a student moves from left to right, its score progressively 
increases, this meaning a better fulfilment on the continuous assessment. So, this first component 
opposes students with low performance to students with high performance in the whole set of 
activities.  
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Figure 2. Student’s score on PC1 and PC2  

In this sense, the ‘references’ would be the students mark in blue in Fig. 2. Those on the left (there are 
three at the same position), with null points in all the tasks are definitely not engaged in the course, 
whereas the point on the right, also in blue, refers to a student who shows a remarkable performance 
over the course, with high grades in most of the activities, consequently leading to a favourable result in 
the continuous assessment. Between them, from left to right, we move from some other students with 
just occasional attendance to lectures and poor performance in a small number of activities and who can 
hardly be graded throughout the continuous assessment, to students with better and better performance. 

Taking into account the analysis on the loadings to compute PC2, the group of students projected on 
the upper side show a better performance in on-site activities, i.e. activities in the classroom within a 
face-to-face learning environment, and/or relatively worse in off-campus activities, planned and guided 
by the teacher to enforce independent learning.  

Unlike them, the group of students in the lower part of Fig. 2 stands out from the rest because of its 
better outcomes in off-campus activities, i.e. are more competent in a self-learning environment. In this 
sense, the two red points would represent the extremes along this axis: an ‘off-campus learning 
profile’ at the bottom in contrast to an ‘on-site learning profile’ at the top. 

Regarding the third component, Fig. 3 shows the scores plot on PC1 and PC3. Again, considering the 
loadings of PC3, the subset of students at the top of the plot performs better in group-based activities, 
particularly in OG1, OG2 and the individual task CI1, whereas students projected at the bottom of the 
plot have done well in the individual activities OI1, OI2 and OI3. 

 
Figure 3. Student’s score on PC1 and PC3  
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As in a PCA model components are constrained to be orthogonal to one another, they describe 
independent sources of variability in the dataset. Therefore, components two and three outline 
characteristics of students not directly related to their overall performance but to specific learning 
environments. 

3.3 Principal Components and a final exam grade 
At the end of the semester, around a month after the completion of the regular activities of the course, 
students took an exam, individually, with limited time, and intended to assess mostly the acquired 
knowledge of the subject main contents. 

To analyse whether the activities done throughout the course that constitute the continuous 
assessment are good predictors for the performance in this last test, the grades in the activities 
developed over the course are compared to the results in this final exam via correlation coefficients.  

Grade in the final exam shows significant correlation with variables OI3 (0.65), OI2 (0.58), OI1 (0.54), 
and, to a lesser extent, with some on-site group-activities, namely CG1 (0.48) and CG2 (0.35). The 
remaining correlation coefficients are not statistically significant at α=0.05. 

Regarding the principal components, Pearson correlation coefficient between grades in the final exam 
and student scores on PC1 is 0.72, and correlation coefficients between grades in the final exam and 
the other two components (PC2 and PC3) are low and non-significant. In terms of the determination 
coefficient R2 (the square of the correlation coefficient here), this implies that, although the first 
principal component summarizes performance over the continuous assessment, its scores only 
explain 51.8 % of the final grade exam. Therefore, the series of activities developed throughout the 
course, designed for a competency-based learning seems to have contributed only to half of the final 
exam grade.  

Graphically, the relationship between student scores on PC1 and grades in the final exam is illustrated 
by Fig. 4, which is the same as Fig. 2 but each student (small circles in the plot) is labelled by his/her 
grade in the final exam (from 0 to 100).  

Roughly speaking, as it was probably expected, students projected on the left side of PC1 (low 
scores) got low grades in the final exam, whereas those on the right side (greater scores) got better 
grades in the final exam. However, the bulk of central scores appears differently ordered, with grades 
even less than 40 where higher grades are expected (around 70); or a grade of 90 in the group of 
students with at much 30. This again supports the conclusion drawn: good outcomes in the overall 
continuous assessment are just somewhat linked to higher grades in the final exam. 

 

Figure 4. Score plot on PC1 and PC2 labelled with the final exam grades 
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4 CONCLUSIONS  
The Principal Component Analysis conducted on grades of a series of learning activities yields key 
patterns about students’ performance. The largest principal component (near 40 % of variance) 
contrasts poor and outstanding learning, providing an overview of students’ performance over the 
course. The following components highlight subsets of students better fit to certain types of learning 
activities: the second component (17 % of the remaining variance) underlines on-site versus off-
campus learning skills whereas the third one (almost 15 % of variance) focuses on the contrast of 
individual and group-based learning competencies.  

The traditional exam about contents at the end of the semester is somewhat related to what has 
happened over the course, but does not capture a great part of the information got over the 
continuous assessment. Consequently, if PCA were to be used to compute the final grade, a weighted 
average of scores on PC1, PC2 and PC3 should be considered. However, this would imply updating 
the weights for each course and each group of students, which is the opposite of the usual grading 
policies of almost any academic institution where teachers/instructors must define the weights before 
effectively applying any of the planned learning activities.  

In addition, PCA could become a tool for monitoring the learning progress to detect subsets of 
students with particular difficulties (in ‘group learning’, or in ‘self-learning’ environments, etc.) in a way 
that the instructor can strengthen the competences poorly developed. 

In summary, a multivariate analysis of students’ performance allows for: 

ü Improving students assessment. 

ü Improving teachers design of learning activities. 

ü Get some insights about particular learning activities and students.  
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