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Work-in-progress: Uncovering engineering students’ sentiments from weekly
reflections using Natural Language Processing

Introduction

In recent years, STEM education literature has increasingly emphasized students’ emotional
states, sentiments, and attitudes, and their relationship with learning outcomes. Such emphasis
has led to a growing interest in examining the role of students' feelings or sentiments in their
learning process [1]. Traditionally, it has not been easy to manually collect students’ subjective
feelings through questionnaires [2] or class observations [3]. Therefore, different attempts have
been made to develop automated approaches to evaluate students' sentiments, particularly in
STEM education, where data-driven approaches are common [4].

Sentiment Analysis (SA) is a computational method that automatically uncovers the sentiments
and feelings expressed in the text into positive, negative, or neutral sentiments [5]. Recently, SA
has been applied in education research to better understand students' internal expression towards
different aspects of their learning experience, such as course content, teaching methods, and
classroom environment [6]. For example, Sun and colleagues [7] used SA to analyze students'
reflections in a STEM course. The study highlighted the importance of SA in unveiling students’
subjective feelings (sentiments) for learning experiences. The authors suggest that this
information could be used to improve course design and teaching practices and provide
personalized feedback to students.

In this paper, we used a lexicon-based SA approach, specifically the VADER (Valence Aware
Dictionary and Sentiment Reasoner) algorithm [4], to understand First-Year Engineering (FYE)
students' sentiments from their course reflections. The VADER algorithm has been widely used
in SA tasks and has been shown to perform well for short and informal text [8]. To collect
students’ reflections, we used an educational learning system called CourseMIRROR [9] that
prompts students to reflect on each lecture’s confusing or interesting aspects throughout the
semester and provides a rich data source for SA. More specifically, this study is guided by the
following two research questions: RQ1) What kind of student sentiments occur when students
reflect on the interesting and confusing aspect of the lecture? And RQ2) How do students’
sentiments change over the semester?

Research Methods

This study follows a correlation research design where data is analyzed using quantitative
approaches.

Site and participants: In this study, we recruited students from three sections of FYE enrolled in
an introductory engineering course at a large public university in the Midwest, United States.
The goal of the course was to provide students with a foundation in programming skills using
MATLAB and to develop their critical thinking and problem-solving abilities using
mathematical models in addressing engineering problems. Three hundred eighty-two students
voluntarily participated in the study, and their reflections are used as a rich data set for this study.



Data collection: We used the CourseMIRROR educational application to gather students'
reflections. The application prompted students with two open-ended questions to reflect on the 1)
confusing aspect of the course (Confusion) or 2) interesting aspects of the course (Interesting) at
the end of each lecture. A total of 7116 reflections were voluntarily submitted by students
throughout 24 lectures, with 3558 reflections for each question.

Procedure and Data Analysis: The reflections data were analyzed using Lexicon-based
sentiment assessment, specifically VADER (Valence Aware Dictionary and Sentiment Reasoner)
algorithm, a commonly used SA technique in NLP. The algorithm calculates the sentiment
polarity of text by analyzing the words used and assigns a score that ranges from -1 to 1. The
reflections with a score greater than 0.05 were considered positive and those with a score less
than -0.05 were considered negative. The remaining reflections were considered neutral. The
threshold [10], commonly used in the literature, was used to assign sentiment scores and inform
our research questions.

For RQI, all reflections were considered in single group for both question types. For RQ2,
sentiment in the students' reflection was counted at three equal time points (lectures 1-8, 9-16,
and 17-24), and Friedman's two-way analysis of variance by ranks was used for analysis as data
violated the normality assumption of One-way Repeated Measure ANOVA.

Results
To answer RQ1, we first used descriptive statistics and examined the frequency of various
sentiments found in students’ reflections. The SA results for the students’ reflections are

summarized in Table 2.

Table 2. Descriptive statistics of students’ reflection sentiments

Reflection question type
Sentiments Confusion Interesting
Positive 1156 2437
Neutral 1128 990
Negative 1274 131

It is observed that while answering the confusion question, students had negative sentiments
(e.g., 1274), indicating that confusion also causes negative sentiments, while 1156 reflections
had positive sentiments. In contrast, with interesting questions, most reflections indicated
positive sentiments (e.g., 2437), and fewer indicated negative sentiments in students. The
reflections with neutral sentiment were lower for both question types, with 1128 students for the
confusing question and 990 for the interesting question. To answer RQ2 and to examine the
change of sentiment scores across different time points of the class for each question type, we
used Friedman's two-way analysis of variance by ranks (see Table 3 for results). We conducted a
separate test for each sentiment.

Table 3. Results of Friedman's two-way analysis of variance by ranks
| | Confusing | Interesting




Time points Mean rank X2 p value Mean X2 p value
ANOVA rank ANOVA
(2,382) (2,382)

Positive
Lectures 1-8 1.97 16.95 <0.001** 2.05 127.41 <0.001**
Lecture 9-16 2.13 2.33
Lecture 17-24 1.90 1.62

Neutral
Lectures 1-8 1.89 11.88 0.003* 1.76 94.40 <0.01%*
Lecture 9-16 2.07 1.92
Lecture 17-24 2.05 2.32

Negative
Lectures 1-8 1.92 7.82 0.020* 1.98 18.65 <0.001**
Lecture 9-16 2.09 1.94
Lecture 17-24 1.98 2.07

* ** indicates p < 0.05 and p < 0.001, respectively.

The results showed a significant difference in each sentiment, as indicated by the ¥2 values and
p-values in table 3 for both question types. We further carried out pairwise comparisons with a
Bonferroni correction for each sentiment in the students’ reflections on the interesting question.
The positive sentiment in students’ reflections showed a significant difference between the first
time point (Mdn = 1.00) and the second (Mdn = 2.00) and third time points (Mdn = 0.00) with p
< 0.001. The negative sentiment remained constant throughout the students’ reflections at each
time point, with no significant differences between any time points. The neutral sentiment in the
students’ reflection showed significant differences between the first time point (Mdn = 0.00) and
the third time point (Mdn = 2.00; p <.001) and between the second (Mdn = 0.00) and third time
points (p < 0.001).

For each sentiment in the students’ reflections on the confusing question, the positive sentiment
showed a significant difference between the second and third-time points (Mdn = 0.0; p =0.004).
However, no other significant differences were found between other time points. Regarding
negative sentiments, no significant differences were found between any pair of time points,
suggesting that negative sentiment remained constant across all time points. For neutral
sentiments, the results showed that the neutral sentiment was significantly different between the
first time point (Mdn = 0.00) and the second time point (Mdn = 1.00; p <.001), but no other
significant differences were found between any other pairs of time points.

Discussion and Conclusion

This research study aimed to understand the sentiments expressed by students in their reflections
for an introductory FYE course. The VADER algorithm was used to evaluate the students’
sentiments, and the frequency of positive, neutral, and negative sentiments was used to inform
the study. Descriptive statistics and Friedman analysis were used to understand the presence of
the most prevalent sentiment in the students’ reflections and changes in the presence of each
sentiment in their reflections over a semester. The results showed that the positive sentiment was
the most prevalent in students' reflections on the interesting question. Negative sentiment was



more prevalent for reflections on the confusing question, but a substantial number of positive
sentiments were also expressed. The reasons for positive sentiments could be rooted in the fact
that students either were excited to overcome the confusion or felt optimistic about a chance of
learning.

In literature, reflection refers to a moment or process where students establish their
understanding by becoming aware of their thoughts, sentiments, and past experiences [11], [12].
Positive sentiment in reflections can indicate growth, self-awareness, or resolution of conflicts
[13]. Hence, we see the prevalence of positive sentiments in their reflections. Negative
sentiments, a broader category of the students’ sentiment, has linked to students’ dissatisfaction
or frustration with their class learning experience [14]. Therefore, it makes sense that negative
sentiment was found in students' reflections when explaining confusing lecture aspects,
highlighting the importance of instructors addressing and understanding the source of this
negativity to enhance students' learning experience.

Friedman’s test showed a significant difference in students’ sentiments over time in their
reflections on the interesting and confusing aspects of the lecture. The increase in positive and
neutral sentiments and the persistence of negative sentiments could reflect the reflection
activity's role in building student resilience and coping skills [15]. Furthermore, the study result
must be viewed with some limitations. First, the study followed a correlational research design;
thus, experimental studies are warranted to explore any causality. Second, the algorithm used for
the sentiment is limited in specific areas, such as lack of context awareness, being rule-based,
and inability to understand the nuances of human emotion. Therefore, there is a need to explore
different SA approaches that can more effectively assess students’ sentiments. Another limitation
is the limited size, which may not represent the larger STEM population. Future research could
address these limitations by conducting a more extensive and diverse study to better understand
the intervention’s impact on students’ sentiments. Additionally, future studies could combine
psycho-physiological and reflection data to understand the relationship between students'
sentiments, learning, and well-being.
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