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Abstract—This study explored the effectiveness of 
scaffolding in students’ reflection writing process. We compared 
two sections of an introductory computer programming course 
(N = 188). In Section 1, students did not receive any scaffolding 
while generating reflections, whereas, in Section 2, students 
were scaffolded during the reflection writing process. Student 
reflections were collected using two versions of the 
CourseMIRROR application (standard version in Section 1 and 
adaptive version in Section 2). By using Natural Language 
Processing (NLP) algorithms, the app calculated a reflection 
specificity score for each reflection. We conducted an 
independent sample t-test between the students’ reflection 
specificity scores in these two sections. The results indicated that 
students using adaptive versions wrote more specific reflections 
than students using the standard version of the app, suggesting 
that scaffolding helped students write more specific reflections, 
which may be helpful in their overall learning outcomes in an 
introductory computer programming course. 

Keywords— Scaffolding, mobile application, reflection 
specificity, NLP algorithms. 

I. INTRODUCTION  
Reflection is considered an important cognitive process 

that helps students’ learning and academic performance [1], 
[2]. Prior studies have shown that the reflection process keeps 
students cognitively engaged [3], [4]. However, it is often 
challenging to implementing reflection activities in large 
lecture classes, where the instructor has insufficient resources 
and time to interact frequently and provide feedback to 
students [5], [6]. This is especially challenging in large 
science, technology, engineering, and mathematics (STEM) 
courses as they generally prefer pedagogies based on the 
content delivery and assessment rather than reflection activity 
[7]. Also, students who participate in such activities tend to 
complete the activity with minimal effort and may write 
content that is not reflective of actual course content [8].  

Considering the concerns of involving students in large 
STEM courses, we designed a mobile application (i.e., 
CourseMIRROR) based on the Reflection Informed Learning 
and Instruction (RILI) model [9]. The RILI model expands 
on the hypothesis that students’ meaningful reflection can 
improve their learning experiences. The RILI model suggests 
that when both students and instructors are engaged in the 
diagnosis process of identifying gaps and difficulties of the 
lecture and concepts, it helps instructors provide effective 
feedback, improving students’ knowledge and skills. Also, 
students can utilize various responses to improve their 
learning, such as seeking resources or help materials, 
enhancing interaction with peers and instructional team, etc.  

In this study, to introduce such a model in large classes 
and ensure students’ participation effectively, we used 
CourseMIRROR mobile app [8], [10], [11], which prompts 
students to reflect on their learning experiences after each 
lecture. The students are prompted to generate reflections 
based on two perspectives: 1) muddiest point (MP), and 2) 
point of interest (PI). Furthermore, the application uses 
Natural Language Processing (NLP) algorithms to 
summarize students’ reflections for each lecture. These 
summaries are made available to both students and teachers. 
It is noteworthy that the summary’s quality depends on how 
specific students were writing their reflection on each 
perspective of reflection writing, i.e., MP and PI. To quantify 
the reflection specificity, a NLP converts each written 
reflection into an equivalent specificity score ranging from 1-
4 points where score 1 indicates shallow reflection specificity 
and score 4 indicates excellent reflection specificity.  

II. RELATED WORK 
In literature, researchers have conceptualized reflection 

in various ways. However, reflection can be broadly seen as 
a cognitive process where students take a step back from their 
current learning experience, reflect and comprehend what 
they learned, process their new learning experience, and 
connect this new experience with their previous knowledge 
or learning experiences [12]. Existing STEM studies have 
shown that reflection is a vital instructional approach that 
improves students’ learning and academic performance (e.g., 
[13]). Furthermore, engaging students in the reflection 
process helps in developing their reflective thinking [14], 
allows them to resolve misconceptions [15], develop self-
regulatory skills, and is correlated with their motivation such 
as achievement goals (e.g., [16]), and self-efficacy (e.g.,  
[11]).  

While studies have discussed the potential of engaging 
students in reflective practices, some studies also argued for 
providing guidelines and scaffolding during the reflection 
process to achieve the desired benefits of the reflective 
practices [16], [17]. Scaffolding in the literature indicates the 
support provided to students while performing a task [18], 
[19]. Providing feedback to the students while reflection 
writing helps them become aware of their past learning 
process and thus not only promotes students’ self-reflection 
but, in doing so, has been shown to improve their reflection 
writing [20]. Various mechanisms have been used to 
introduce the reflection process in STEM classrooms, 
including journaling (e.g., [21]), questionnaires (e.g., [22]), 
survey (e.g., [23]), or exit tickets (e.g., [24]). However, 
introducing such a mechanism in large STEM classes was 
found to be challenging due to resources and time constraints.  
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Similarly, different activities (e.g., sketching, games) 
were used for scaffolding students to facilitate students' 
reflection process. However, studies haven’t embedded a 
real-time personalized feedback mechanism to scaffold 
students during their reflection writing process. To this end, 
this study utilizes an educational technology application and 
the power of NLP algorithms to facilitate students in the 
reflection writing process while providing real-time 
scaffolding. 

III. RESEARCH DESIGN 
This study employed a quasi-experimental study to 

investigate the effectiveness of real-time scaffolding provided 
through a CourseMIRROR application for all the students in 
large STEM classrooms. 

A. Mobile Educational application 
CourseMIRROR application has been developed in two 

versions: 1) standard version and 2) adaptive version for both 
iOS and Android platforms. In the standard version, students 
are asked to write reflections for two prompts (i.e., MP and 
PI prompts). The students were prompted to generate 
reflections based on two perspectives: 1) MP- where students 
described what they found most confusing in the lecture, and 
2) PI – where students described what they found most 
interesting in the application. The submitted student 
reflections are then passed to the NLP algorithm [25] to 
calculate the NLP specificity score. The algorithm gives 
values in the range of 1-4 (1 being shallow and 4 being highly 
relevant to the reflection prompt or lecture consent). 
Moreover, two human coders evaluated the reflections using 
a rubric mentioned in  [16] and subsequently assigned scores 
indicating their specificity. The agreement between the two 
coders was calculated, revealing a strong agreement with κ 
(MP) = .617 and κ (POI) = .652  [26]. Then, we evaluated the 
agreement between the specificity score generated by NLP 
algorithm and the human coding. The result of the study has 
shown a strong agreement with, κ (NLP) = 0.775 and κ (NLP) 
= 0.773, for each set of reflection data discussing the point of 
interest and muddiest point of lecture [27], respectively.  

On the other hand, the adaptive version varies from the 
standard version on two accounts. First, the application 
interface is modified in the adaptive version to provide 
students with a more meaningful and user-friendly 
experience. The second and most important logical 
algorithmic difference is using the reflection specificity score 
to introduce the real-time scaffolding process. In the adaptive 
version, students are scaffolded to write detailed reflections 
to enhance students’ metacognitive thinking. The 

CourseMIRROR application uses NLP algorithms to 
evaluate the specificity of each reflection during students’ 
writing process. The scaffolding process is based on two 
components 1) students are guided with meaningful textual 
instruction based on their real-time NLP-based reflection 
specificity score in a dynamic manner and 2) students get a 
colored bar indicating the specificity of a reflection. Fig. 1 
shows both components of the scaffolding process with the 
respective reflection writing process. 

The red bar indicates a low specificity score, while the 
green indicates a higher specificity score. Also, with lower 
specificity scores, students got the instruction “Please tell us 
what you found confusing or unclear in today’s class,” while 
with higher specificity, students got a message of “Great, 
thanks!”. Although students are scaffolded in the adaptive 
version, the process does not hinder students’ reflection 
writing. Also, the process does not put any threshold 
specificity value on reflection submission. Like the standard 
version, the adaptive version thus allows students to submit 
final written reflections with any specificity score. 

B. Site and participants 
We collected the data from two sections of the first-year 

engineering programming course taught at a large U.S 
Midwestern University. In the course, students were 
introduced to computer programming by using MATLAB. 
Following a non-equivalent comparison group design based 
on the natural assembly of sections and time of data collection 
[28], we introduced a separate version of the application in 
each section of the course. One hundred twenty students in 
Section1 used the standard version of the application. Sixty-
eight students in Section2 used the adaptive version. Students 
in both sections voluntarily participated and submitted 
reflections throughout the semester. In this study, we 
explored the reflection specificity of 11 lectures. 

C. Data analysis 
For the analyses, we used the reflection specificity score 

from two sections to conduct an independent sample t-test 
between subjects of two different sections for all lectures and 
both aspects of the reflection writing process, i.e., MP and PI. 
We tested the statistical assumptions before running the 
relevant analysis. We verified data normality with skewness 
and kurtosis, and Q-Q plots. For skewness, we considered the 
moderate to low skewed data. All the variables were 
moderately or low skewed as values remained greater than -
1 and less than 1. For kurtosis, we considered the values 
between -2 and +2. Further, for homogeneity of variances, we 
used Levene’s statistics. In the case of the violated condition, 

we used the results by not 
assuming the equality of variance 
using adjusted degrees of 
freedom, reducing the chances of 
Type-I error. 

D. Results 
In our comparisons, 

Levene’s test was significant for 
the muddiest point (MP) values 
for lectures 1, 2, 6, and 10. 
Therefore, we used the t-test for 
equal variance not assumed. 
Similarly, for lectures 4 and 7, 
Levene’s test for point of interest 
(PI) was significant, and we used 

 
Fig. 1. Scaffolding process in the adaptive version of a figure caption. 
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a t-test for equal variance not assumed. The independent-
sample t-test results are presented in Table 1 and Table 2, 
describing the results of PI and MP, respectively. In tables, 
** indicates that p < 0.05. 

The results indicated a significant mean difference in the 
students’ reflection specificity score using the app’s adaptive 
and standard versions. The students’ reflection specificity 
score for the PI was significantly higher in the adaptive 
version for all lectures than the standard version. Also, except 
for lectures 2, 4, and 11, the mean MP reflection specificity 
score was significantly higher in the adaptive version than in 
the standard version. Although the mean MP’s reflection 
specificity for lectures 2, 4, 11 is higher in the adaptive 
version, it is not statistically significant. 

These results indicate that with the scaffolding process, 

students were able to write more specific reflections for all 
lectures and from both MP and PI perspectives. The Cohen’s 
d effect size is between the range of 0.64 - 0.76, indicating a 
large effect size [29]. For MP, the Cohen’s d value 
consistently showed a large effect ranging between .84 – 1.2, 

with some values greater than 1, indicating that the difference 
between the two means is larger than one standard deviation.  

IV. DISCUSSION & CONCLUSION 
In this quasi-experimental study, using a reflection-

informed learning and instruction (RILI) model [9], we 
investigated the effectiveness of real-time scaffolding during 
students reflection writing process in a mobile educational 
app. Our findings showed that providing scaffolding could 
facilitate students in writing detailed and specific reflections. 
Prior studies has also showed a relationship between the 
students’ reflection specificity and learning outcomes [9], 
[30], [31]. Therefore, scaffolding students to construct 
specific reflections can enhance their learning outcomes. 

This finding is consistent with the previous literature 
[20], [32] as it helped students organize their thoughts in 

structured ways while reflecting. Additionally, providing 
clear, and guided reflection prompts to the students could 
have enabled them to delve deeper into their lecture’s 
learning experiences, leading to more comprehensive and 
meaningful reflections. 

TABLE I.  TABLE REFLECTION SPECIFICITY DIFFERENCES BETWEEN STANDARD AND ADAPTIVE VERSIONS ON THE POINT OF INTEREST 

Lectures 
Standard version Adaptive version 

df t p Cohen's d 
N M SD N M SD 

1 106 3.293 .661 44 3.659 .608 148 -3.163 .002** .646 
2 96 2.948 .686 41 3.537 .809 135 -4.353 <.001** .725 
3 68 2.780 .709 38 3.553 .724 104 -5.343 <.001** .714 
4 84 2.941 .628 37 3.287 .740 59.809 -2.555 .013** .664 
5 75 2.813 .692 35 3.429 .698 108 -4.333 <.001** .694 
6 80 2.888 .693 40 3.550 .677 118 -4.971 <.001** .688 
7 63 3.031 .621 44 3.455 .791 77.996 -2.964 .004** .696 
8 78 2/731 .767 44 3.455 .730 120 -5.090 <.001** .754 
9 68 2.882 .783 48 3.500 .684 114 -4.405 <.001** .744 
10 95 2.385 .655 25 3.480 .714 119 -7.306 <.001** .667 
11 39 2.539 .682 42 3.405 .767 79 -5.355 <.001** .728 

TABLE II.  TABLE REFLECTION SPECIFICITY DIFFERENCES BETWEEN STANDARD AND ADAPTIVE VERSIONS ON THE MUDDIES POINT 

Lectures Standard version Adaptive version df t p Cohen’s d N M SD N M SD 
1 106 3.311 1.027 44 3.750 .719 113.315 -2.977 .004** .948 
2 96 3.063 .856 41 3.195 1.188 58.503 -0.647 .520 .966 
3 68 2.956 .905 38 3.395 .823 104 -2.471 .015 .877 
4 84 2.738 1.110 37 3.081 1.090 119 -1.575 .118 1.104 
5 75 2.747 .856 35 3.429 .884 108 -3.852 <.001** .865 
6 80 2.538 .941 40 3.550 .711 99.143 -6.561 <.001** .872 
7 63 2.508 1.091 44 3.273 1.042 105 -3.634 <.001** 1.071 
8 78 2.628 .941 44 2.955 1.140 120 -1.702 .091 1,017 
9 68 2.882 .873 48 3.438 .796 114 -3.496 <.001** .842 
10 95 2.354 .767 25 2.840 1.248 28.892 -1.858 .073 .886 
11 39 2.436 1.119 42 2.762 1.246 79 -1.236 .220 1.186 
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Furthermore, studies have shown that scaffolding 
reduces the students’ cognitive load in complex learning task 
by breaking them into manageable and meaningful small 
tasks [33], [34]. In this experiment, we achieved this by 
providing clear instructions through the color bar and 
messages to help them focus on one aspect of the lecture (i.e., 
MP or POI) at a time and the clear instructions to improve 
their reflection. In doing so, it is possible that students were 
able to utilize their cognitive resources effectively, leading to 
comprehensive and in-depth reflection. 

Moreover, writing more specific reflections invokes 
students’ critical thinking about their learning process, 
specifically in terms of what they liked in each lecture and the 
difficult aspects of each lecture [30]. Our findings are 
important as they provide insights on using a scaffolding 
process in more than one way in a mobile application, which 
may be useful in many emerging educational technology 
tools, especially in this era of higher technology dependency 
in education.  

These results must be viewed with few limitations. First, 
there was a small sample size specifically for section 2. 
Future studies may investigate these comparisons with a 
larger sample size. Second, in this study, the groups of 
students were naturally assembled based on the section, and 
no random assignment was performed. Third, the students 
were from a single course.  In the future studies, such impact 
may be evaluated with other STEM courses. In addition, the 
studies may also examine the role of such scaffolding process 
on students learning and how this process helped instructors 
revise their lectures and future offerings of the course. 
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