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Abstract—.Observe appropriate evidence that pointing
emotions plays an important role in the learning process.
However, there is no precedent of a research analyzing the
relationship between emotions and academic marks using
text analysis. Thus, in this article, we show the experience
we have performed in order to analyze the possible existing
correlations between student marks, assigned by both their
classmates and by their instructors, and the emotion traces
that can be found in their writings. To that end, we gathered
data corresponding to text contributions of a course on
Computer Systems in our University and perform the correspondent analysis. The obtained results look to indicate that
some kind of correlation exists between marks and emotions
in both the highest and the lowest marks.
Index Terms—Computer Supported Collaborative Learning
(CSCL); Affective Computing for Learning; e-Assessment.

I. INTRODUCTION
There are clues spotting out that emotions play an important role in the learning process and that the influence
of emotions on that process can be pointed out by observing the right evidences. In this regard Beard [1] states that
student emotions have a significant effect on their engagement in the learning process. Besides, Suzuki et al.
[2] found evidence that emotional clues while reading an
article, prompt a learner to write an essay to engage in it,
and also result in the learner to better use her/his
knowledge to argue the issues. That is, students using an
emotional tag set for annotating documents had better
results that those using a rational tag set.
In order to identify the emotional evidences, there are
several emotion measurement models, methods and tools
in educational settings, which can be grouped into three
wide areas [3]: Psychological, which uses verbal and nonverbal self-reporting of emotions; Physiological, which
makes use of sensors in order to measure people’s physiological reactions; and Motor-Behavioral, which measures
behavioral expressions and changes in physical body that
communicate one’s emotion experience.
Under this classification, there are works that
acknowledge the importance of emotion identification in
the learning context by proposing mechanisms for leveraging those emotions. For instance, in [4] and [5] we can
find mechanisms for detecting student emotional states
from voice analysis of students’ interactions within an elearning system. Also with the aim of integrating emotions
identification into an Intelligent Tutoring System,
Xiaoqing et al. [6] propose to extend the recognition
mechanism by adding heterogeneous sensory data (e.g.
speech and visual appearance).
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However, the main drawback of these techniques is the
amount of necessary widgets and sensors in order to collect the data to perform emotion detection. This situation
leads us to think that emotion detection in texts is one of
the least invasive measurement procedures. Natural language does not only transmit information, but also emotions and affects. Both goals do not necessarily are intended at the same time: while different literary genre would
stimulate different emotional states in the reader, textbooks aim to be essentially informative. However, even
when writing in a formal context, documents can express
different emotions.
This leads to a specific topic from the Natural Language Processing and called sentiment analysis or opinion
mining. Feldman defined it as the task of finding the opinions of authors about specific entities [7]. Another extended and accepted definition is the one given by Liu, who
stated that it is the computational study of sentiments in
text [8]. In this research, we have followed this last approach.
Therefore, the final goal of emotion detection in text is
to identify what emotions can be found in any kind of text,
not limited to self-reports on the subject own feelings. In
this sense, there are different research works, systems and
applications available, specifically centered in analyzing
individual short texts. Current researches show how sentiment analysis has been applied to many different contexts like marketing, politics, shopping, etc. [7]. In addition, we can highlight the work presented by Strappavana
and Mihalcea [9], which shows several experiments concerned with the emotion analysis of news headlines, and
proposes and evaluates some methods to identify emotions
in that kind of short texts. In this regard, Tian et al. [10]
proposes to recognize emotions from interactive (Chinese)
texts [11] by using techniques such as data mining for
pattern extraction of e-Learner emotion communication.
In this direction, we have carried out some studies with
the goal of assessing the effect of emotions in student
motivation [12][13]. In those studies we have used a
word-spotting technique to detect emotions and, possible,
motivation in academic essays. Preliminary results shows
signs of correlation between motivation and the emotions
conveyed by the essays.
Thus, in this context, as far as we know, there is no
precedent of a research analyzing the relationship between
emotions and academic marks using text analysis. For this
reason, in this article we will show the research study we
have performed analyzing the essays written by students
and assessed both by student peers and by the course instructors. The goal of the research is to verify whether
there exists any relation between the work marks and the
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emotions transmitted by the text of the essays. To do so,
our goal was to study whether any correlation existed
between the data available: instructors’ marks, classmates’
marks and identified emotions.
Along the article, we will detail the experimentation
carried out, in which we collected data corresponding to
an experience that took place during an academic year on
a course on Computer Systems at our university. That
course was part of the syllabus of the Computer Science
and Engineering studies. In that experience, each student
was supposed to contribute by writing short technical
documents about course topics. Their contributions were
qualified both by their classmates and their instructors.
These contributions in form of documents and the classmates’ marks were supported by the CSCL system called
KnowCat [14][15][16]. In the experience, we selected a
set of contributions, whose marks were available, both by
colleague students and instructors. Then, using a wordspotting technique for emotion analysis, we examined
those contributions, finding which emotions could be
identified in them.
This paper is organized as follows. Firstly, Section II
introduces the environment we used as starting point in
our research work. Then, Section III presents the plan of
the experience, exposing the goal defined, the participants
involved, the environment they used, the input data and
variables to analyze, the how experience itself was performed and the result analysis we obtained. Finally, Section IV closes with some concluding remarks and future
work.

II. CONTEXT AND USED ENVIRONMENT
In order to carry out the experiment, our starting point
was the CSCL system called KnowCat (acronym for
"Knowledge Catalyser") [14][15][16]. This is a fully consolidated and thoroughly tested and validated CSCL system that is in action since 1998. The main aim of this
system is to generate quality educational materials as an
automatic result of student interactions with the learning
materials, by catalyzing the crystallization of knowledge
[14][15][16].
Figure 1 illustrates an example of the “Computer Systems” KnowCat site. As we can see, it enables us to build
up community knowledge sites –or knowledge sites for
short–, where the educational materials are organized in a
knowledge tree, which is a hierarchy of topics (area A).
Each topic contains a set of mutually alternative documents that describe the topic. At any given time, all documents contained in the same topic compete with each
other to be considered as the "best" description of the
topic. This competitive environment is achieved by the
Knowledge Crystallization mechanism of the system.
In short, Knowledge Crystallization is a process where
the opinions of other users about a knowledge element
(i.e. a document or an essay) and the evolution these opinions received, determine what knowledge elements are
socially accepted. In such case, these elements of
knowledge remain longer in the system; otherwise, if they
turn out to be useless, they end up disappearing from the
system.

!
"

Figure 1. Screenshot of the KnowCat tool.
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Figure 2. Social acceptation calculation in KnowCat.

Hence, students can collaborate in the system by adding
documents to the knowledge site topics, voting documents, annotating documents and adding new document
versions.
Back to figure 1, the B area shows how documents are
identified by the author’s e-mail address, arrival date and
title. They are ordered by their degree of social acceptance, which is shown to the right of the identification
heading of each document with the green-red bar. On the
left side of the identification heading of each document,
the icons indicate whether a document has received annotations and whether a new version of the document is
available. As an example, the document identified by
“teba.rojo@estudiante.uam.es [31/03/2007]” (the first
element of the rank) shows the highest degree of acceptance in the topic called “Procesos de Poseidon” (Poseidon’s Processes).
In addition, we have integrated to the KnowCat system
a tool that uses the word-spotting technique in order to
analyze the emotional clues. This technique for emotional
identification in texts is based on associating a set of emotion evocative words to each of the four emotions we
center on, namely Joy, Sadness, Fear and Anger. That is, a
set of related words was built using a cross-linguistic
approach. Then, if any of the words of the set (or some or
its derived words) are found in the text, it increases the
corresponding emotional load (more information can be
found at [12] and [13]).
Therefore, as we can see, the KnowCat tool provides
the necessary settings that allow us to perform the experience within the context of a CSCL environment that uses
the word-spotting technique to detect emotions in academic essays. Next, we will detail the plan of the experience.
III. EXPERIENCE’S PLAN
In this section we will present in detail the plan of the
experience. Thus, along the different subsections we will
define the goal, present the implicated participants, expose
the input data and variables to analyze, describe how experience itself was performed and finally analyze the
obtained results.
A. Goal Definition, Participants and Their Role-part
According to the research motivation we set in the introduction section, we defined the goal of our experience
as follows: analyze instructors’ marks, classmates’ marks
and identified emotions for the purpose of identify if any
correlation exists among them.
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In the conducted experience, a group of 160 students of
the course “Computer Systems” in Computer Science and
Engineering studies from our University of Madrid (in
Spanish Universidad Autónoma de Madrid) was involved
during the academic year 2006/2007.
That course was part of the syllabus of the Computer
Science and Engineering studies. From the 160 students
enrolled in that course, 100 students participated actively
and accomplished their tasks in the experience.
Each student was supposed to contribute by writing
short technical documents about the enrolled course topics. Afterward, the contributions were qualified both by
their classmates and their instructors. More discussion on
the scientific methodology that was adopted will be explained better in the experience process definition subsection.
B. Input Data and Variables Definition
For the present research work, we collected 168 contributions whose marks were available both students and
instructors. The requirements for them to be selected were
having their both marks available. That way, classmates
and instructors were the same in all cases and document
emotions would affect their marks in the same way, if any.
Then, using a word-spotting technique for emotion
analysis, we examined those contributions, finding which
emotions could be identified in them.
In this research study, for each student contribution (i.e.
technical document) we have collected the following data:
i) its social acceptation, which is calculated through the
classmates’ marks; ii) its objective quality measure, which
is calculated through the instructors’ marks and iii) its
emotion traces.
Firstly, the KnowCat provided the social acceptation of
a document as shown in figure 2. In that figure we can see
how this social acceptation is calculated by the KnowCat
knowledge crystallization mechanism explained in the
previous section. It takes into account the students' marks
in form of votes for each specific document. That is, this
value is a measure of the document quality in the collaborative opinion of the students. Its value is into the range
[0, 1].
Secondly, the objective quality measure of a document
was the arithmetical mean among their instructors’ marks.
It is a value into the range [0, 10].
Thirdly, each document was analyzed using an emotion
extraction tool [12][17]. The tool, based on a wordspotting technique, supports the evaluation of the emotional classification proposed by Zing & Newen [18] conveyed by a given piece of text, namely: joy, sadness, anger and fear. The identification of those four emotions as
the basic ones is based on [18]. Each emotion data is a
value into the range [0, 1]. The current version of the tool
works with documents in Spanish.
To clarify our explanation, table 1 shows an example
with the assigned value for a set of student contributions
to the above-mentioned data, which are in the first column. The second column contains values for a document,
which is qualified with good quality by instructors and
students. However, the fourth columns have values for
one document, which is qualified with no good quality by
instructors and students.
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TABLE I.
DATASET EXAMPLE FOR THE RESEARCH STUDY

Emotion traces

Contribution Identification
Author Identification
Classmates’ Mark
(Social Acceptance)
Instructors’ Mark
(Quality Measure)
% Joy
% Sadness
% Anger
% Fear
! % emotions

17
13

18
22

45
19

…

…

0,99

0,50

0,35

…

8

6,7

4

…

0,0073
0,0012
0
0,0110
0,0196

0,0007
0,0007
0,0007
0,0063
0.0087

0,0007
0,0007
0,0024
0,0015
0,0055

…
…
…
…
…

C. Experience Process Description
Taking into account the goal defined, the participants
involved, the environment they used, the input data and
variables to analyze, in this subsection we will describe
the experience we performed following the diagram
shown in figure 3, which we will use in order to conduct
our explanation.
Thus, on the left and center of figure 3 we can see how,
as introduced above, each student had to produce a small
technical document (fragment or description) on some
assigned topics and vote with a value into de range [0, 10]
for all the documents (of their classmates) in those topics.
At the end of this experience, there were on average 5
documents per topic.
The knowledge site of this course started with a
knowledge tree composed of approx. 60 topics (the course
structure was created by the course instructors) and without any documents. The students worked on 40 of these 60
topics. The main topic of this course was “Distributed
Systems”. In this course, the students studied concepts
related to performance, operational and communication
aspects of distributed systems and Middleware.
At the end of this experience, as we can see on the right
of figure 3, course instructors evaluated the students’
work. They assigned a mark to each document with a
value into the range [0, 10] taking into account its quality.
As a result, on the one hand, we obtained a ranking of
the documents for each topic of the knowledge tree, taking
into account the marks assigned to them by the instructors.
On the other hand, another ranking was offered by the
KnowCat system through its knowledge crystallization
mechanism. Then, we analyzed all the selected documents
from the emotion point of view (on the right-center of
figure 3).
D. Analisys and Interpretation
For a given document, the final classmates’ mark assigned is, somehow, related to its social acceptation;
whilst the instructors’ mark is accepted as being a more
objective quality measure. Anyway, we had always looked
at both marks as a result of the technical content of the
document itself: the better content the higher mark.
Once we had the data available, in the bottom of figure
3 we can see how we started by performing the correlation
analysis for all the variables we were interested in; i.e.:
classmates’ mark, instructors’ mark, joy, sadness, anger,
fear and the total emotion level.
However, we wondered whether it could be the case
that the document itself contained other kind of information, specifically certain level of joy, sadness, anger
and fear, which would also be related to the final marks.
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Figure 3. Experience process.

An example of the final data available is presented in
the former Table I. The average number of words per
document, arithmetic mean, was 874 (483 standard deviation), with a median of 834.
With the data available, we started by calculating the
Pearson correlation coefficient r for all the variables we
were interested in, namely: classmates’ mark, instructors’
mark, joy, sadness, anger, fear and the total emotion level.
That “total emotion level” was obtained as the sum of the
former four independent emotion levels. But there was no
statistical significance in the correlation matrix that we
obtained.
Then, we thought that it could be interesting to analyze
different sections of the table independently. Specifically,
we focused on different ranks of the two kind of marks
assigned to each document (classmates’ and instructors’).
We were looking for the impact of emotions in the perceived quality of the documents, depending on their social
acceptation and their objective quality measure.
As mentioned above, no significant correlation seemed
to exist between both marks. The results we obtained in
the analysis carried out offered interesting results in:
• the set of works with highest instructor marks.
• the set of works with lowest classmates’ marks and
those above the average.
Let’s go into detail in the analysis in the subsections below.
As explained previously, instructors’ marks range from
0 to 10, and marks over 7 are considered to be high marks.
The results we obtained in this rank are depicted in Tables
II and III.
In Table II, we present the correlation results obtained
for instructors’ marks greater than or equals to 7.5 (n=67
in that rank). Those results suggest that a positive correlation exists between the social acceptation (classmates’
marks) and the detected levels of joy and fear in the analyzed documents. In figure 4 we can observe this tendency
graphically by using the diagram with the correlation
coefficient for these data.
1) For instructors’ highest marks: correlation
between social acceptation and emotions
Furthermore, such correlation is stronger if we analyze
the documents whose instructors’ marks are greater than
or equals to 8. In that case, not only the r values for joy
and fear increase, but also a positive correlation exists
regarding sadness and, also, the total amount of emotions
detected in the documents, as presented in Table II. In this
last case (instructors’ marks >= 8), the number of subjects,
n was 40. Table III expose the related results and their
corresponding correlation diagram is plotted in figure 5.
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Figure 4. Diagrams with correlation coefficient between classmates’ marks
and emotions (joy and fear) for instructors’ marks greater than or equals to 7.5

TABLE II.

FOR INSTRUCTORS’ MARKS GRETTER THAN OR EQUALS TO 7.5:
CORRELATION BETWEEN CLASSMATES’ MARKS AND EMOTIONS (N=67)

Variable
%Joy
%Fear

r
0,46538923
0,25119097

p
0,001
0,05

TABLE III.

FOR INSTRUCTORS’ MARKS GRETTER THAN OR EQUALS TO 8:
CORRELATION BETWEEN CLASSMATES’ MARKS AND EMOTIONS (N=40)

Variable
%Joy
%Sadness
%Fear
%Emotions

r
0,6713
0,4875
0,4434
0,4916

p
0,001
0,01
0,01
0,01

Figure 5. Diagrams with correlation coefficient between classmates’ marks
and emotions (joy, sadness, fear and the total emotion level) for instructors’ marks greater than or equals to 8
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Figure 6. Diagrams with correlation coefficient between instructors’ marks and emotions for classmates’ marks
lower than 0,3 (at top) and between classmates’ marks and emotions for classmates’ marks greater than or equals to 0,4 (at bottom)

2) For classmates’ marks: correlation between
objective qualifications and emotions
Classmates’ marks range between 0 and 1; so, marks
below 0.3 can be considered as being low marks. We can
see the correlation diagram at the top part of figure 6. In
that analyzed range, we found out that a negative correlation exists between the instructors’ marks assigned and the
detected levels of fear and the total amount of emotions.
The number of subjects n, in this analysis was 23, Table V
shows the r and p values from the Pearson correlation
analysis.
TABLE IV.

FOR CLASSMATES’ MARKS LOWER THAN 0,3: CORRELATION BETWEEN
INSTRUTORS’ MARKS AND EMOTIONS (N=23)

Variable
%Fear
%Emotions

r
-0,55499611
-0,47822103

p
0,01
0,05

Moreover, if we look at the classmates’ marks above
the average at the bottom part of figure 6 (in this case,
arithmetic mean was 0.3995, with SD of 0.1297 and a
median of 0,3710), we get a positive correlation between
classmates’ marks and the level of fear detected, as depicted in Table V.
TABLE V.

FOR CLASSMATES’ MARKS GREATER THAN OR EQUALS TO 0,4:
CORRELATION BETWEEN CLASSMATES’ MARKS AND EMOTIONS (N=60)

Variable
%Fear

20

r
0,2601

p
0,05

IV. CONCLUDING REMARKS AND FUTURE WORK
Along this article we have shown an experience we
have performed in order to analyze the influence of emotions on students' and instructors' marks. Thus, once introduced our objective, we have detailed our experience by
exposing the goal defined, the participants involved, the
environment they used, the input data and variables to
analyze, the how experience itself was performed and
finally the result analysis.
In this research study, we have analyzed the existing
correlations between three variables associated to short
168 technical documents delivered by 100 students. For
each student contribution, the three gathered variables
were: its social acceptation (related to the assigned classmates’ marks), its objective quality measure (related to the
assigned instructors’ marks) and iii) its emotion traces.
As presented in former sections, the results obtained indicate that, for the highest instructors’ marks exists a positive correlation between the social acceptation of the documents and the emotion levels detected (most significantly, the level of joy detected).
On the other hand, fear seems to be the most significant
emotion regarding classmates’ extreme levels: for lowest
social acceptation levels, a negative correlation seems to
exist between instructors’ marks and the fear level,
whereas a positive correlation is given for classmates’
marks and the level of fear detected in the documents if
classmates’ marks are above the average.
Based on the correlation results, we could conclude that
joy is an important emotion, which should be taken into
account for instructors’ highest marks. Joy level seems not
to be determinant for low ranked students’ contributions,
but seems to be significant in order to assign the highest
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instructors’ mark, associated to the quality measure of the
documents.
On the other hand, the fear level, as detected in the
documents, seems to be significant, both for instructors
(negatively, in case of low social acceptation) and classmates (positively, in case of marks above their own social
acceptation rates).
Regarding the possible conclusions that could be derived from the previous results, it is worth mentioning that
the concept of correlation is particularly noteworthy for
the potential confusion it can cause (correlation does not
imply causation). So, even correlations are found, the
correlation phenomena could be caused by a third, previously unconsidered phenomenon, and there is no way to
immediately infer the existence of a causal relationship
between the variables considered in the research study. In
that sense, we are interested in analyzing other possible
variables involved, planning forthcoming research studies
focused in the affective evaluation of the students’ documents, and its relation with the perceived quality of them.
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