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Abstract— This full research paper studies the correlation of
self-efficacy in computer science as well as learning and social
skills with students’ academic performance and their emotions
in collaborative learning environments. Self-efficacy is an
essential part of social cognitive theory and provides the
foundation for analyzing human thoughts, motivations, and
actions. Studies show that students’ successful performance and
accomplishment are directly affected by the level of self-efficacy.
Therefore, analyzing self-efficacy in engineering education is
important since it can impact the learning process in academic
settings as well as provide a metric to track for improvement.
Social cognitive theories also emphasize that students’
interaction with each other affects their learning process and
how they perform in educational settings. In previous work [5],
we analyzed students’ conversations in low-stake teams in an
introductory programming course (CS1) and observed a strong
positive correlation between students’ positive emotions while
interacting with each other with their performance in the
course. In this study, we focus on the correlation of self-efficacy
with learner’s emotion and performance. We measure students’
self-efficacy with a standard instrument called “Student
Attitudes Toward STEM (S-STEM) Survey”. For this purpose,
we asked the participants to self-report on a 5-point Likert-
scaled survey including 20 questions. These 20 questions are
grouped into 2 main categories of computer science and
learning/social skills. Students’ emotions were extracted from
their speeches in teams by applying natural language processing
(NLP) methods. The result of data analysis shows a statistically
significant correlation between overall self-efficacy and
performance in the course and positive emotions during the
teamwork. We further investigate which category of self-
efficacy questions most correlate with students’ performance.
The result shows self-efficacy in interpersonal skills and
learning ability most impact students’ performance.

Keywords—self-efficacy, social skill, computer science,
emotion mining, sentiment analysis, NLP, collaborative active
learning

L. INTRODUCTION

Attitude is a complex subject that has several dimensions
such as affect, cognition, and behavior [1, 2]. It is defined as a
tendency to have certain beliefs and feelings about a given
context and involves behavioral aspects to accomplish a task
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and achieve the goal [2]. Attitude is a key element in students’
learning in the academic setting and is observable through
students’ behavior in class and how they engage in class
activities and teams [2]. Students’ attitude impacts their
success in the given domain, as well as their interpersonal
relationships [1,3,4].

Emotion and affective states are important aspects of
attitude. According to research, positive emotions like joy,
happiness, and satisfaction about the given subject positively
influence students’ learning experience [5] while emotional
obstacles such as anger, anxiety, etc. can hinder their
cognition process [6].

Self-efficacy is one other construct of the attitudinal
domain which is defined as how individuals judge and
perceive their ability to perform a specific task [2,7]. Self-
efficacy is the perception that one can successfully accomplish
a given task and the motivation to apply learned skills [7]. It
has its roots in self-regulation and is an integral part of social
cognitive theory [33, 7, 8]. It is believed that self-efficacy has
a positive impact on students’ academic performance and has
drawn the attention of researchers in engineering education for
the past several years [7, 8, 9]. Identifying the factors that
contribute to self-efficacy can help educators apply required
interventions to improve students’ learning experiences [7].
According to research students,” academic success and
accomplishment are results of higher self-efficacy, which in
turn boosts self-efficacy [7, §].

Different factors like various background experiences,
interpersonal skills, as well as physical and emotional states
can impact self-efficacy, which makes it a dynamic attribute
that can change over time [7]. This dynamic aspect of self-
efficacy makes it difficult to measure and analyze, especially
in the educational setting.

While the tone of existing research emphasizes the key
role of self-efficacy in students’ academic success [7, 8], some
researchers witness a lack of correlation between self-efficacy
and academic performance in some populations of students
and in different situations [10]. Our observation from the
existing literature is that the correlation of self-efficacy and
performance depends on different factors, like the background



of students, their age, major, and the learning environment and
class setting.

In this study, we investigate the correlation of self-efficacy
with emotion and students’ performance in an introductory
computer science class (CS1) which is conducted in a
collaborative active learning setting. We further analyze
which components of self-efficacy most correlate with
students’ performance. Our finding shows that students’ self-
efficacy in their interpersonal and learning skills is strongly
correlated with how they perform in the course. Our analysis
also shows a positive correlation between self-efficacy and
positive emotion in this study group.

The rest of this paper is organized as follows; we review
the literature on attitude constructs and their impact on
students’ performance, next we present our research
methodology, the study design, and data collection protocol,
we present the result of data analysis and test the hypotheses
followed by the conclusion and plan for the future work.

II. BACKGROUND

The impact of self-efficacy and affective states on
students’ performance makes them important concepts to
focus on in engineering education. Such concepts help
instructors to identify the students who experience emotional
difficulties or have lower levels of self-conception during the
early stages of the course and to provide them appropriate
feedback [11].

The relationship between self-efficacy and academic
performance at the college level has been widely studied by
researchers in the field [12]. In [13] the authors found that, in
the context of a CS1 course, in particular, self-efficacy
affected students’ performance in learning programming and
that this skillset can be used to predict students’ performance
[9, 8]. In engineering education research, self-efficacy is
considered as a bridge to connect the past experience with the
future performance outcome [12]. This applies to both high
school and college-level students [21].

In addition to the impact of self-efficacy on students’
performance, research shows self-efficacy also impacts
students’ major and future career choices [22, 20]. It is shown
that higher-level self-efficacy and social support play a big
role in orienting students to computing careers [23].

Literature suggests that other factors like gender [18], age
[14,15,16], and prior experience [17,13,18] impact the
correlation between self-efficacy and performance in college-
level students. Furthermore, the combinations of self-efficacy
and gender result in different patterns in learning
programming [8]. For example, in [18] the researchers found
that female and male students with no prior background in
programming performed at the same level while the females
with prior experience had higher performance than males with
prior experience in programming. In another study [19] the
authors examined the correlation of self-efficacy and goal
orientation with performance. The result showed the
connection of self-efficacy with performance among female
students is different from that of male peers [19].

In another study, the authors analyze the correlation
among the triangle of computer self-efficacy, learning
performance, and learning engagement. They apply the
General Self-Efficacy Scale developed by Schwarzer, et.al.
[28] in adults who seek computing as their second job. The
result of their study shows that computer self-efficacy is
positively correlated with learning performance and learning
engagement. They also found that learning engagement is
positively related to learning performance [29].

Different methods and standard instruments have been
developed to measure self-efficacy in educational settings.
Some of the common ones are the “Student Attitudes Toward
STEM (S-STEM) Survey” [27], Motivated Strategies for
Learning Questionnaire (MSLQ) [25], and General Self-
Efficacy Scale (GSE) [24].

One of the most common approaches to measure self-
efficacy is having students fill out surveys such as the
Motivated Strategies for Learning Questionnaire (MSLQ)
self-report tool [8]. It is a common self-report tool to measure
student motivation and learning strategies in a given context

(8].

One of the studies that applied the Motivated Strategies for
Learning Questionnaire (MSLQ) [25] measured the self-
efficacy of 39 students in a CS1 class. The result of this study
showed a strong positive correlation between motivational
and learning strategy scales with students’ performance in the
course [25]. Again, in another study [26], the authors identify
MSLQ scores to be highly correlated with students’
performance.

“Student Attitudes Toward STEM (S-STEM) Survey”
[27] is a widely used instrument to measure the self-efficacy
of students in the STEM field. This tool asks participants
about their confidence level and attitude disposition about
STEM subjects and career areas as well as the required skills
for the 21st century. The result of this test can be applied by
administrators and program directors to adjust the curriculum
accordingly [35].

In this work, we adapt the S-STEM tool to measure
students’ self-efficacy in learning computer science as well as
their self-efficacy about social skills in a CS1 collaborative
active learning class. In particular, we study if students’ self-
efficacy about their learning and interpersonal skills correlate
with their performance and their positive emotions. In the
following section, we present our research hypotheses and the
methodology.

III. RESEARCH METHOD

The main goal of this study is to identify the correlation of
self-efficacy with positive emotions and performance. We
conduct the case study on the population of mixed female and
male students with diverse backgrounds in a programming
class (CS1).

In order to measure students’ self-efficacy, we apply the
Student Attitudes Toward STEM (S-STEM) tool. Students’
emotions are extracted by Natural Language Processing
(NLP) methods from their collaborative speech in low-stake
teams [5] in which the emphasis is on building communication



skills and learning from peers rather than a group grade for the
outcome. The students’ individual grade in the course is
considered as the performance metric. In this study, we want
to identify the association between self-efficacy and
performance as well as students’ emotional disposition in
teams. We further identify the self-efficacy factors that impact
students’ programming performance.

To answer the research question, we formulate the
following Null hypotheses:

H1y. There is a correlation between students’ self-efficacy
and individual performance.

H2y. There is a correlation between students’ self-efficacy
and positive sentiments (frequency and intensity of compound
values) in low-stake teams.

The research methodology is categorized into three main
phases: 1) identify a standard tool to measure self-efficacy, 2)
describe an emotion mining algorithm to measure the positive
sentiments, 3) present a study design for data collection. The
high-level visualization of the tools and methods we applied
for data collection from the beginning to the end of a semester
is presented in Fig. 1. We elaborate on these tools and methods
in the remainder of this section.

{ Formative assessment Lecture/lab tests & assignments ]

[Recording of students’ collaborative discussions in class]

+ sentiment analysis on speech
Pre-test S-STEM
tool

‘ SE in CS and ’ ‘
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Fig. 1. Study design for data collection in one semester

A. Self-efficacy

For measuring students’ self-efficacy, we applied the
“Student Attitudes Toward STEM (S-STEM) Survey” which
is a standard self-report tool [27]. S-STEM is a five-point
Likert Scale tool that measures students’ self-efficacy in five
categories of ‘Math’, ‘Science’, ‘engineering and technology,
‘21st-century learning’, and ‘about yourself’. The category of
‘21st-century learning’ focuses on soft skills like collaboration
and social skills and the ‘about yourself’ section measures
how the individuals expect themselves to perform in the given
domain.

In this study, we focus on the ‘science’ (CS) and ‘the 21st-
century learning’ (L&S) components of the self-efficacy tool
to be applied in a CS1 class. The questions in each category
are presented in Table 1.

A self-efficacy test was conducted at the beginning of the
semester to measure the level of self-efficacy in students. The
response rate to this survey was 100% which enabled us to use
this as a metric and analyze its correlation with students’
performance and positive sentiments.

TABLE 1. S-STEM QUESTIONS [27]

ID Description
CS1 I am sure of myself when I do computer science.
CS2 I would consider a career in computer science.
CS3 I expect to use computer science when I get out of College.
CS4 Knowing computer science will help me earn a living.
CS5s I will need computer science for my future work.
CS6 I know I can do well in computer science.
CS7 Computer science will be important to me in my life’s work.
Cs8 I can handle'most subjects well, but I cannot do a good job with
computer science.
CS9 I am sure I could do advanced work in computer science

L&S1 I am confident I can lead others to accomplish a goal.

L&S2 | Iam confident I can encourage others to do their best.

L&S3 I am confident I can produce high-quality work.

L&S4 | Iam confident I can respect the differences of my peers.

L&S5 | Iam confident I can help my peers.

I am confident I can include others’ perspectives when making

L&S6 ..

decisions.

I am confident I can make changes when things do not go as
L&S7

planned.

L&S8 | Iam confident I can set my own learning goals.
L&S9 I am confident I can manage my time wisely when working on
my own.
When I have many assignments, I can choose which ones need
L&S10
to be done first.
I am confident I can work well with students from different

L&SI backgrounds.

B. Sentiments

For operationalizing students’ positive emotions, we
recorded their speech while they worked in teams in class
during the semester. NLP methods (i.e., NLTK, VADER)
were adopted to extract the polarity of students’ sentiments.
The recording process in the classroom had some challenges,
the main one being the environmental noise level as all
crosstalk during class time. To improve the quality of recorded
audios for analysis we applied voice filtering and noise
reduction methods on them. Next, we cleaned the data by
assigning a unique ID to each speaker based on a voice
recognition mechanism.

The algorithm for text mining and sentiment analysis
from speech corpora is presented in our previous work [5].
This algorithm took the transcribed speech tokens as input and
classified the sentiments in three classes of positive, negative,
and neutral emotion as well as the compound value which is a
unique metric calculated based on the three classes of
emotion.

In order to analyze the positive sentiments, we measure
both the intensity and frequency of sentiments by applying
NLTK and VADER algorithms on the tokenized speech
vectors. The output feature vectors are sentiment classes of
positive, neutral, and negative as well as compound scores as
shown in Fig. 2.

Total speech of individual (R) Feature Vector

Speech Tokens POS | NEU | NEG | Comp
ST-1
ST-2
ST-3
ST-4

Positive sentiments
Comp>0

Fig.2. The process of extracting positive sentiments (com>0) from speech

ST-n




Here R is the total recorded speech dataset of each
participant during the semester and ST is speech segmentation
based on the initiation of talks, and V is the feature vector
consisting of four features of Pos, Neu, Neg, and Comp.

To extract the positive emotions, we considered the
vectors with compound values greater than zero (comp >0).
We normalize the intensity and frequency of positive
sentiments based on the number of speech segments (n) in
each dataset (R). Frequency refers to the number of vectors
that have positive compound values (comp>0) and intensity
refers to the actual value of compound scores in each vector.

Equations (1) and (2) shows how the mean frequency and
intensity values of positive sentiments are calculated [5]:

m
Frequency= — (1)
n

m
Intemsity= Yrei(comp_value,) @
n

Where:
n= total number of vectors in each dataset
Vectors with positive comp_value= {1,2, ...m}

The result presented in our previous study [5] showed a
strong positive correlation between students’ positive
emotions as they communicated in teams with their
performance in the course. In this study, we use the same
result of sentiment analysis to identify the correlation of
positive emotions with self-efficacy.

C. Data collection

We collected data from a CS1 active learning class with
63 students. From the total number of students, 48 students
participated in the study. The study design was such that
students were assigned to work in pairs during the class
activity. Using a collaborative active learning approach to
teaching this course, the class time was divided into three
parts: 1) a low-stake poll quiz from the previous content
followed by a Q/A discussion to resolve students’
misconceptions, 2) a mini-lecture on the prep work that
students were supposed to study before attending the class,
and 3) teamwork class activity. The class duration was 75
minutes for two sessions per week and about 40 minutes of
each session was dedicated to low-stake teamwork and class
activity. We recorded students’ conversations as they talked
in teams to solve given problems. The recording was done in
every session of the class, however, if one team member didn’t
attend a class we excluded that team from recording for that
session. This resulted in dropping the teams that missed more
than two sessions of recording for our analysis. As a result, we
could collect data from 28 students consistently throughout
the semester. Accordingly, we only considered the self-
efficacy and performance scores of these 28 students for data
analysis. In the following section, we present the result of the
data analysis.

IV. DATA ANALYSIS

In this study, students’ performance was evaluated in a
formative style based on three major assignments, three
lecture tests, and three lab tests, and multiple quizzes and class
activities during the semester. Each assessment had a certain
contribution to the final grade: Assignment 30%, Lecture test
30%, and Lab test 30%, and class activities 10%. Participants’
grade distribution in the course is presented in Fig. 3.
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Fig. 3. Participants’ grade distribution in the course

As mentioned earlier we employed a standard tool called
the “Student Attitudes Toward STEM (S-STEM) Survey”
which is a standard self-report tool to measure students’ self-
efficacy. This is a five-point Likert Scale tool including 20
questions (selected for this study) with the answers ranging
from strongly disagree = 1 to strongly agree = 5. The theme of
the questions is grouped into two categories of Computer
science (CS), learning/social skills (L&S). The list of
questions is provided in Table 1.

The students were asked to self-report and provide
answers to these questions. Fig. 4 present distribution of
students’ answers to the 9 questions in the Science category
and Fig. 5 show students’ answers to the 11 questions in the
learning/social skills category.
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Fig. 4. Distribution of students’ answers to the Science category in the S-
STEM tool

In order to test the null hypotheses, we apply the chi-
square test, and to measure the strength of association between
parameters (i.e. self-efficacy, emotion, and performance) we
adopt Spearman’s rank correlation coefficient method. The
first Null hypothesis states: there is a correlation between
students’ initial self-efficacy and individual performance.
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Fig. 5. Distribution of students’ answers to the learning/social skills
category in the S-STEM tool

We use the chi-square test and measure the two-tailed p-
value with the confidence level of 0.05. The calculated p-value
is 0.61 which is higher than the confidence level of 0.05.
Therefore, the Null hypothesis cannot be rejected. We
conclude that there is a statistically significant correlation
between students’ self-efficacy and their performance.

After identifying the correlation, we measure the strengths
of the association between self-efficacy and performance.
Researchers such as Norman G. (2010) suggest that both
parametric and non-parametric methods can be applied to the
ordinal data and Likert-scaled data [30]. We applied
Spearman’s rank correlation coefficient, which is a
nonparametric (distribution-free) rank statistic method [31].
This method describes the relationship between two variables
based on a monotonic function, without making any
assumptions about the frequency distribution of the variables
[31]. The range of coefficient value (rs) is between -1 and 1.
The closer 15 is to +1 or -1, means the two variables have a
stronger monotonic relationship. In Spearman’s rank
correlation coefficient, the value of ry determines the strength
of the correlation and is calculated based on Equation (3)[32].

n
6 Y, d?
i=1

T amr -1

)

rs=1

where:
d = difference in ranks for variables
n = number of cases

Table 2. shows the interpretation of the rs value in
Spearman’s rank correlation coefficient [32]. The calculated
value of r; is 0.11 which denotes a positive yet very weak
association between the two variables of self-efficacy and
performance.

Next, we test the second Null hypothesis which states there
is a correlation between students’ self-efficacy and positive
sentiments in low-stake teams. In this step again like the
previous one, we test the hypothesis using the chi-square test
and measure the intensity of the relationship by applying
Spearman’s rank correlation coefficient.

The calculated p-value for the frequency of positive
emotions (vectors with comp>0) is 0.77 and the p-value for

the intensity of the positive sentiments is 0.75. For both
variables, the calculated p-value is higher than the confidence
level of 0.05, so the Null hypothesis is not rejected which
indicates there is a statistically significant correlation between
students’ self-efficacy and their positive sentiments.

TABLE 2. INTERPRETATION OF THE RS VALUE

rs value Interpretation
00-.19 very weak
.20-.39 weak
40-.59 moderate
.60-.79 strong
.80-1.0 very strong

The Spearman’s Correlation Coefficient test shows the
result of rs = 0.06 for both the frequency and the intensity of
positive emotions which means the association between self-
efficacy and positive emotion (frequency and intensity) is very
weak. The results of the chi-square test and Spearman’s rank
correlation coefficient are presented in Table 3.

TABLE 3. THE RESULTS OF CHI-SQUARE TEST AND THE SPEARMAN’S
RANK CORRELATION COEFFICIENT

Self-efficacy
Spearman’s Rank Chi-Square
Correlation Coefficient
(P-Value)
(rs Value)

Performance 0.11 0.61
LALC| GG O 0.06 0.77
pos sentiments

Intepsity of pos 0.06 075
sentiments

As mentioned earlier the self-efficacy questions are
categorized into two themes of computer science and
cognition/social skills. In our data analysis, we investigate
which questions in each category are more related to the
performance. In other words which self-efficacy dimensions
have more potential to impact students’ performance. For this
purpose, we applied Principal Component Analysis (PCA)
method to identify the main dimensions that better represent
the self-efficacy with students’ performance as the target
value. PCA is an unsupervised statistical method for reducing
the feature space dimension to the most critical ones while
preserving as much ‘variability’ (i.e., statistical information)
as possible [34].

By creating a new feature (component) based on the linear
combination of initial features PCA reduces the number of
features in the dataset. The dimensionality reduction is one of
the main features of this method that makes it effective in
developing predictive models [36].

The steps to identify the best number of components for
maintaining the originality of the dataset are 1) identifying the
covariance matrix of the original 20 features in the self-
efficacy tool, 2) calculating the eigenvalue and eigenvector for
each feature, 3) sorting the eigenvalues in descending order
and 4) retaining the components that have eigenvalues higher
than 1.



The scatter plot of eigenvalues is presented in Fig. 6,
where the horizontal axis shows the features of the self-
efficacy tool, and the vertical axis shows the corresponding
eigenvalues. The result confirms we need only seven
components (highlighted in red color) to represent the self-
efficacy dataset.
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Fig. 6. Scatter Plot of the Eigenvalues of the Principal Comp

To interpret each principal component in terms of the
original variables, we measure the magnitude of the
coefficients of the original 20 features. Larger absolute values
of coefficients indicate that the corresponding component
(i.e., the question in the self-efficacy tool) has more
importance in terms of the target value which is performance.
The self-efficacy questions related to the top seven principal
components are listed in Table 4. Since the maximum
coefficient values of the two components were related to one
question the total number of 6 questions are identified based
on the seven principal components.

TABLE 4. S-STEM QUESTIONS [27]

PRINCIPAL

ID COMPONENT SELF-EFFICACY QUESTION
CS7 PC-4 Computer science will be important to me
PC-5 in my life’s work.

L&S2 PC-1 I am confident I can respect the
differences of my peers.

L&S4 PC-6 I am confident I can respect the
differences of my peers.

L&S9 PC-3 I am confident I can manage my time
wisely when working on my own.

L&S10 PC-2 When I have many assignments, I can
choose which ones need to be done first.

L&S11 PC-7 I am confident I can work well with
students from different backgrounds.

The result of our analysis shows that out of six questions
(each represented by a principal component), five of them
belong to the category of learning and social skills and only
one belongs to the computer science category. This confirms
that students' self-efficacy about their learning and social
skills plays a key role in their overall performance in the
course. This is an important finding since it cues instructors
and educators to pay particular attention to the students with
lower scores in these questions and provide effective
pedagogical interventions to improve their learning
experience.

The responses to the identified six self-efficacy questions
are plotted in the divergent stacked bar chart in Fig.7.

L&S-11 | I
L&S-10 L:
L&S-9 [ |
L&S-4

[
|
L&S-2 |
=
cs-7
I

-10 0 10 20 30

Disagree [l Strngly Disagree Agree Strongly agree

Fig. 7. Divergent Stacked Bar of the Self-Efficacy Questions

Fig.7 shows question L&S-9 has the most negative score
(i.e., disagree and strongly disagree) which asks if students
can manage their time when they work on their own, and
question L&S-11 has the highest positive score (i.e., strongly
agree) which shows students’ confidence in working with
other people with different backgrounds. This indicates that
students’ social skills and their interest in teamwork and
confidence in managing diversity positively impact how they
perform in the course.

V. CONCLUSION

In this study, we explore the impact of self-efficacy on
students’ performance in CS1 collaborative active learning
class. We also analyze the correlation between students’
positive emotions in low-stake team discussions and their self-
efficacy. To measure the level of students’ self-efficacy we
apply a standard self-report tool (S-STEM). This tool
measures students’ self-efficacy about computer science,
learning, and social skills. The sentiments are extracted from
students’ conversations as they work in low-stake teams in a
CS1 class and discuss the course content with their assigned
peers. By applying Natural Language Processing (NLP)
algorithm we conduct sentiment analysis and detect valence
and polarity of sentiments from the conversations. The output
of this algorithm the frequency and intensity of positive
sentiment scores in students’ speech during the semester.

By applying the chi-square test and Spearman’s rank
correlation coefficient method we test the hypothesis and
measure the intensity of association between parameters of
self-efficacy, performance, and emotion. The result of our data
analysis shows a statistically significant positive correlation
between self-efficacy and performance, which aligns with the
findings of the previous research. Data shows the correlation
of self-efficacy and students’ positive sentiments while
engaged in low-stake team discussions is statistically
significant but not as strong as the association between self-
efficacy and performance.

One of the main contributions of this study is to investigate
which sub-dimensions of self-efficacy most correlate with
performance. By applying the PCA method we reduce the
dimension of self-efficacy features to the most critical ones in
terms of performance as the target value. The dimensionality
reduction methods resulted in 7 principal components.
Accordingly, we identified the questions of self-efficacy that
most impact the performance score. Data shows that students’
self-efficacy in interpersonal skills and learning ability most
impact their performance. This finding is an important



support for collaborative active learning in which peer
learning is achieved through students’ communication.

The early result of our data analysis is promising to
conduct this method on a larger population of students and
derive more generic conclusions. We believe the finding of
this research can help educators to identify the students who
experience emotional obstacles or have low levels of self-
efficacy earlier in the semester and provide the required
assistance to them.

A. Futue work

In future work, we will apply this method to different
classes in computing and software engineering to analyze a
larger population of students. In the study design, we will have
more focus on team dynamics and attributes to pursue a
hypothesis that collaborative active learning can improve both
interpersonal skills and individual performance. We will
inspect the correlation of self-efficacy with performance and
emotion in teams consisting of only males or only females to
compare the result in each population. We will also consider
other sentiments and emotional states of students like joy,
happiness, anger, etc. in our analysis.

In this study, we employed the questions of the S-STEM
tool with a Likert Scale format. In the future study, we will
also include open-ended questions of this instrument and by
applying NLP methods extract information from students’
narratives for more in-depth analysis.
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