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ABSTRACT
How do students respond to feedback in a reading platform? In
this study we examined students’ (n = 670) reading and SRL
behaviors after receiving feedback from their teachers. First, we
examined the extent in which students revised their responses
after receiving feedback. Second, we examined the association of
reading and SRL behaviors with student scores after feedback.
Third, we examined relationships between the type of feedback
received (i.e. teacher comments) and subsequent student
behaviors. We found that students who revised their answers more
had greater score improvements. Teacher feedback in writing
conventions was shown to produce fewer reading and SRL
behaviors when compared to other types of feedback. The number
of reading events was correlated with improved scores, although
the effect size was small. These findings suggest that teacher
feedback can help students employ reading and SRL behaviors
and improve their reading comprehension under the right
conditions. We discuss recommendations and possible design
implications for online reading platforms.
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1. INTRODUCTION
Feedback can improve students’ performance [38] and
Self-Regulated Learning (SRL) behaviors [10]. However, students
must understand feedback in order to apply it [48]. Feedback gaps
occur when students receive but do not act upon feedback [24],
and may be caused by lack of clarity [9], students’
misunderstanding of feedback application [55], and the feedback
paradox [61] (i.e., students do not address feedback despite
understanding its importance). Researchers have recently
emphasized the actionability of feedback as one factor to change
students’ actions and behaviors [12]. This concept remains largely
underexplored [34].

To address the feedback actionability gap, researchers have
analyzed how students act upon receiving feedback by examining
students’ perceptions [37, 50] and analyzing student behavior,
including timely response to feedback [34], the effect of different
types of feedback on the same question [27], and students’
learning strategies usage [43].

We examine students’ feedback response behavior in science
reading. Science reading skills are of critical importance, but
challenging for students to master [63]. Science reading can be
enhanced through the application of SRL skill [15, 47]. To
investigate SRL and science reading, we conducted our analysis
on middle school science readings and questions from an online
learning platform, Actively Learn (AL). We answered three
research questions:

RQ1. How do  students’ scores vary after receiving feedback?
RQ1.1. To what extent do students change their answers
after receiving feedback?

RQ2. How does students’ reading and SRL usage vary upon
receiving feedback?
RQ3. Is feedback type associated with subsequent reading and
SRL  behaviors?

2. RELATED WORK
2.1 SRL and Reading
SRL refers to four regulatory processes during learning: goal
setting, self-monitoring, self-evaluating, and applying strategies
[65]. Self-regulated learners use self-monitoring skills to monitor
their tasks [69] and can judge their learning outcomes in light of
their goals [68]. Self-regulation is associated with academic
performance [49, 66]. SRL researchers have proposed theories
and models (e.g., Pintrich’s SRL framework [49], Zimmerman’s
Cyclic model [66]) to explain learners’ SRL behaviors. In this
study, we adopt Winne and Hadwin’s model [56, 58] to measure
students SRLs from students’ log trace data within AL, as it has
proven a useful framework for similar research [4].

SRL-based reading interventions have been effective in improving
middle school reading in experimental studies [54].
Computer-based learning environments (CBLEs) can integrate
SRL instruction via features to help students foster SRL skills.
Examples of CBLEs that are rooted in models of SRL and have
been shown to support reading comprehension and SRL behaviors
for reading include iSTART [44-45], nSTUDY [4], and
ReaderBench [18-19]. In this study, we examine the web-based
platform Actively Learn (AL), which uses platform features that
promote SRL (Section 3.1).

2.2 Sequence Mining
Sequence mining techniques can identify students’ learning
behaviors [2, 29]. For example, n-gram sequencing techniques
have been applied to a game-based learning platform to identify
students’ problem-solving behavior [2] and to study associations
between students’ academic performance and transition behavior
among multiple platforms [29].
In this study, we are focused on what SRL activities students
engage in on the AL platform after they receive feedback on a
prior submission. In this analysis we applied an approach used by
Sheshadri et al. [52] to examine sequence behaviors across
platforms. In this approach we aggregated distinct SRL and
question submission actions within AL and then examined the
frequency and sequence of the activities prior to a resubmission.



2.3 Feedback
Providing feedback and opportunities for students to respond to
feedback is one way teachers can assist their students in reading to
learn tasks in STEM domains [42]. However, feedback quality can
influence students' responses [53]. Hattie and Timperley [31]
characterized feedback at four levels: the task (i.e., how well the
student accomplished a task), processing (i.e., the processes
required to complete the task), self-regulation (i.e., how students
choose and implement self-regulatory strategies to accomplish a
task); and the self-level (i.e., personal evaluations). Feedback
effectiveness is also moderated by the amount of information
provided; different types of feedback should be considered as
separate constructs [60]. Prior studies have also shown that timely
engagement with personalized feedback was associated with
academic success for undergraduate students [34] and may also
prompt more engaged learning activities when compared to
general feedback [43].
Corrective and self-regulatory feedback given to students after
answering comprehension questions in response to texts in a
digital environment can enhance SRL behaviors and performance
[39, 40]. In an experimental study, students who received
self-regulatory feedback made more text searches and included
more textual info in their responses when compared to students
who received less informative or no feedback [39]. A follow-up
study replicated these findings and also demonstrated that
requiring students to select relevant text information before
re-submitting answers led to improved SRL behaviors [40]. Taken
together, these studies suggest that corrective and self-regulatory
feedback can improve SRL behaviors and reading performance
when students are tasked with re-submitting answers to
comprehension questions with digital texts.
However, it can be challenging for teachers to provide timely and
informative feedback at scale [31, 53]. A prior study on feedback
comments of science assignments [8] indicated that feedback that
did not provide a correct answer was only helpful if students knew
where to find the correct answer; more informative feedback was
required when students lacked background knowledge Prior
research also suggests that timely engagement with feedback,
particularly personalized feedback, was associated with academic
success for undergraduate students [34]. Written comments can
provide an effective means for providing feedback on science
content [8] and in digital reading comprehension tasks [39, 40]. In
this study we examined how teacher feedback comments within
the context of a digital science reading comprehension related to
students' SRL behaviors.

3. Actively Learn (AL) Platform
AL is an online K-12 reading platform for multiple disciplinary
subjects. AL catalogs curriculum-integrated readings that teachers
can assign as in-class or homework assignments. Teachers can
also add their own content as assignments. AL assignments
contain text-embedded questions that can be multiple choice
(MCQ) and short-answer (SA), including open ended questions
and fill-in-the blanks. Teachers can give feedback on students’
answers to questions by scoring questions on a scale from 0-4 and
writing comments.

We adopted Winne and Hadwin’s SRL model in our study. Winne
and Hadwin’s model has four phases: task defining (Phase 1),
goal setting (Phase 2), enacting tactics and strategies (Phase 3),
and metacognitively adopting strategies (Phase 4). We primarily
focus on students’ usage of SRL tactics/strategies within AL

(Phase 3) and adapting reading and SRL (Phase 4) upon
receiving feedback. Our study is grounded in the Winne and
Hadwin model, as its focus on the events underlying SRL [57] fits
the retrospective analysis of student interaction data within our
study. Furthermore, we focus on three types of SRL events that
are consistent with prior literature situated in Winne and Hadwin’s
model: annotating [3, 41], highlighting [59], and vocabulary
lookups [5].

3.1 Dataset Preparation
The present study was conducted with middle school physical
science data collected from AL in 2018. The initial dataset
contained 17,886 student records from 1,033 classes. First, after
data cleaning, we included classes containing 10-60 students (n =
14,925 students). Second, we identified student submissions on
which they received feedback. This reduced dataset included
1,819 unique students, 3,867 questions, and 5,373 submissions.
Third, we applied the following filtering criteria: 1) a student
submitted a question multiple times, 2) received at least one
instance of feedback, and 3) re-submitted after receiving
feedback. The trimmed dataset, which included student empty
submissions, contained 670 unique students in 113 classes, 58
teachers, 156 assignments, 1,072 questions, and 2,502
submissions. All questions in our dataset are SA questions.

4. METHODOLOGY
We describe our methodology for each RQ in this section.

4.1 RQ1 Methodology
To answer RQ1 we measured students’ score differences by
calculating the difference between the first and last submission
scores when students made multiple attempts after receiving
feedback. We observed three categories of submissions: score
increased in the last submission, score decreased in the last
submission, and score was unchanged in the last submission.

To assess whether students were addressing teachers’ feedback,
we calculated similarity between subsequent answer submissions
of a question. We hypothesized that changes in submitted answers
would result in a greater score difference in a question. Thus, we
measured the cosine similarity between subsequent submissions
of a question. Specifically, we calculated cosine similarities
between ith and (i-1) th submissions, for i => 2 attempts and took
the average. We took all submissions because we wanted to assess
how students’ changed their answers upon receiving feedback,
and how those changes impacted their final scores.

To encode students' responses into vector representations, we used
the Universal Sentence Encoder (USE) [15]. The USE can take a
word, a sentence, or a paragraph as inputs and encodes into a
fixed length vector of 512 values. We then used a Deep
Averaging Network (DAN) model with USE to encode
questions and question-dependent texts into vectors [15]. DAN
averages unigrams and bi-grams of word embedding to construct
sentence embedding. Moreover, to evaluate how the answer
modifications were connected to score differences, we calculated
Spearman correlation between mean cosine similarities and score
difference.

4.2 RQ2 Methodology
To answer RQ2, we coded student actions within the AL system
as either an answer submission, reading event (R), or SRL event,
such as annotating (A), highlighting (H), or vocabulary-lookup
(V). The AL system does not define explicit student sessions.



Therefore, we adopted a data-driven approach from prior research
to define session [36, 52]. First, we aggregated students’
assignment actions and timestamps into a unified transaction log.
We then plotted histograms of two consecutive action sequences
to estimate the intervals between consecutive actions within an
assignment. Based on our exploratory analysis we selected 30
minutes as a “session” cutoff. Any student actions exceeding 30
minutes were defined as a new session. After defining session
cutoffs, we split all student actions within an assignment by
session. Next, we counted SRL events before a student’s
resubmission of the question received feedback.

We then applied a four-level hierarchical linear model (HLM) to
predict the last score of a question. HLM is commonly used in
educational research [24, 50] to account for nested data [62]. Our
HLM model included questions at level-one, assignment ID at
level-two, student ID at level-three, and teacher ID at level-four.
Fixed effect variables included students’ first score on questions
and features of SRL usage during attempting questions. All
grouping variables were modelled as random intercepts.

4.3 RQ3 Methodology
To answer RQ3, we categorized teacher feedback comments using
deductive analysis, which is a method for analyzing content using
a predefined model based on prior research [23]. Our deductive
analysis categories were adapted from Hattie and Timperley’s [31]
feedback categories, which have been used in prior research [1,
30]. Our model was also influenced by Shute’s [53] review of
formative feedback, and Bruno and Santos’ [8] combined
inductive and deductive coding scheme of teacher written
comments in a science classroom context for task and
processing-level feedback. We established five a-priori feedback
categories using these models. The feedback categories included
feedback on the task and processing [31] that (i) asked a student
to either provide a correction to a response or to (ii) provide an
explanation of a response [8], (iii) self-level feedback, (iv) and
SRL behaviors. We also created a category for feedback that only
addressed (v) conventions (e.g., spelling, grammar).
The SRL behavior category included teacher comments that
referred to the SRL reading behaviors described in the previous
section. SRL feedback has been defined as high-information
feedback about task performance and suggestions for employing
self-regulation strategies to monitor cognitive processes,
self-evaluate performance, and strategy development to improve
performance [31, 60]. We defined SRL feedback more broadly to
include teacher comments that provided feedback on referring to
the text to make revisions to an answer, annotating or highlighting
the text, or to look up a vocabulary term. This definition is more
appropriate within the context of AL, in which teachers leave
brief comments on comprehension questions. Prior research has
also defined SRL feedback in this context as feedback that
includes knowledge about when to refer to the text [39] and which
text information is relevant for completing the task [40].
Two members of the research team trained on coding comments
using a sample. All differences in training were resolved by
discussion. One researcher then coded all teacher feedback
comments (n = 1,441). A second researcher independently coded
23% of this sample. Inter-rater reliability (IRR) was calculated
using Cohen’s kappa and was found to be acceptable (κ = 0.74, p
< 0.001). We then applied a nonparametric Kruskal-Wallis test to
identify if reading and SRL behaviors varied significantly among
feedback categories.

5. RESULTS
In the following subsections we discuss our results for each RQ.

5.1 RQ1 Results
We calculated the average cosine similarities between subsequent
submissions (sim_score) and score difference (d) with and without
empty student submissions. A higher sim_score indicates that the
submitted answers are more similar to each other. The frequencies
of six different score difference categories and question counts (n)
are: -2 (n = 4), -1 (n = 53), 0 (n = 187), 1 (n = 474), 2 (n = 252), 3
(n = 87), and 4 (n = 15). Total questions = 1,072. The Spearman
correlation test between score difference (d) and mean cosine
similarities (sim_score) was (coefficient = -0.315, p < 0.001). The
negative coefficient indicates when the mean cosine similarity
score decreases, the score difference increases. In other words, the
more changes are present in students’ subsequent answers, the
greater the score difference.
Score Increased Descriptive statistics in this category are: 828
unique questions, 1,963 submissions by 543 students. First
attempt score ranged from 0 to 3 with a mean 1.41. Last attempt
score varied from 1 to 4 with a mean 2.98. We found that the
positive score change groups have increased by 1, 2, 3, and 4
points. In these four groups, sim_score has a lower median value
compared to the rest. This observation indicates that students with
greater score increases had submissions that differed more than
their original answers, as represented by a lower sim_score. We
examined student submissions with identical responses (sim_score
= 1) but an increase in final score (n = 40) submissions.
Score Decreased. This group includes 57 unique questions with
124 submissions by 49 students. First attempt scores ranged from
1 to 4 with a mean 1.58. Last attempt score varied from 0 to 3
with a mean of 0.51.

Score Unchanged. Descriptive statistics for this category are: 187
unique questions, 415 submissions by 165 students. First and last
attempt scores have the same statistics in this category. First and
last attempt scores ranged from 0 to 4 with a mean 1.69.

5.2 RQ2 Results
Standardized effect sizes were calculated using the formula, ß =
(B*SDx)/(SDy) [50]. First attempt score had the highest
predictive power (B = 0.32, ß = 0.28, p < 0.001). Only reading
was a statistically significant positive predictor. Highlighting
behavior was negatively associated with the last score.

5.3 RQ3 Results
Feedback comments were coded as requiring either a correction (n
= 654), explanation (n = 565), a SRL behavior (n = 134),
addressing conventions (n = 77), and self-level feedback (n = 11).
SRL events after receiving feedback and before resubmission
were identified. Kruskal-Wallis test results indicated statistically
significant differences across the five feedback categories for
reading (p < 0.001), highlighting (p = 0.007), and vocabulary
lookup events (p = 0.006). Annotating text was not significant.
We conducted post-hoc analyses using Dunn’s pairwise tests with
Benjamini-Hochberg correction for features with statistically
significant results. Effect size (r) is reported using a
nonparametric test, Cliff's-Delta. Results indicated that students
were less likely to engage in reading after conventions feedback
when compared to SRL behavior feedback (p < 0.001, r = 0.25),
corrective (p < 0.001, r = 0.28), and explanation feedback (p <
0.001, r = 0.29). The Kruskal-Wallis test assessed whether the
group with non-zero entry (i.e., SRL Behavior) was statistically



different from the ones with all zero entries. We found statistically
significant differences between SRL Behavior and corrective
feedback (p = 0.002, r = 0.009) and explanation feedback (p =
0.001, r = 0.009). Students were more likely to look up
vocabulary words after corrective over explanation feedback (p =
0.003, r =  0.021).

6. DISCUSSION and CONTRIBUTIONS
Scholarly Implication: Student Response to Feedback
RQ1 results show that students’ who modified their answers had
greater score differences, which is consistent with prior findings
on automated feedback [39, 40, 64]. We found that teachers at
times scored revised responses lower than students’ initial score.
When examining students’ responses, we found students
sometimes submitted the identical answer or an empty answer
(“No response”) despite the teacher asking for explanation or
suggesting additional correction. This phenomenon in which
students do not address teacher feedback is known as the
“feedback gap” [24]. Students might not respond to feedback if
they find it difficult to decipher [9], lack study habits [20], or
erroneously believe it does not apply to them [28]. One limitation
of the present study is that it is not equipped to determine the
reason for lack of student response.

Our HLM analysis from RQ2 shows that reading events and initial
scores were statistically significant predictors of last scores.
However, SRL variables such as annotation, highlighting, and
vocabulary lookups were not statistically significant predictors.
We also found that highlighting was underutilized by students and
that self-level feedback was not commonly employed by teachers.

Feedback comments categorized as focusing on correction,
explanation, and SRL behaviors were associated with more
reading events during student revisions when compared to
feedback about conventions. We expected SRL feedback to
produce more reading events and SRL behaviors than other
categories based on prior research with automated feedback,
because these comments directed students to revisit the text to
revise their answers [39, 40]. However, SRL feedback did not
produce statistically significant differences in student behaviors
compared to correction and explanation feedback. One reason for
this finding might be that these feedback categories had similar
amounts of information; the level of feedback informativeness
may have a greater impact on student performance and behavior
[60]. Corrective (e.g., “Protons cannot be gained or lost”) and
explanation feedback provided did not explicitly direct students to
revisit the text or use an AL feature, but perhaps these behaviors
were implied perhaps these behaviors were implied during a
task-oriented reading assignment with explanation feedback
comments such as: “Great definitions but you need to explain why
phase changes are considered physical changes.”. This might
explain why vocabulary look-ups were more common in
corrective and explanation comments when compared to SRL
(e.g., “Go back and reread paragraph 9 and reanswer. Might help
you to plug some numbers into the equation to see how the
inverse relationship works.”) and conventions feedback
(“Capitalize the first word in a sentence.”). Conversely, perhaps
the SRL feedback could more effectively influence reading events
and SRL behaviors if teachers provided more explicit information
that helped students decide when and how to revisit the text to
revise an answer [39] or required students to select relevant
information from the text to support their answer [40]. SRL
feedback may have directed students to relevant portions of the

text based on relatively greater highlighting behavior after SRL
feedback, but this effect size was small, and highlighting was not
positively related to score change, calling into question the value
of this behavior.
For Teachers: Feedback Quality
Our analysis also showed that teacher comments were generally
short and contained limited information. It may be possible for
teachers to improve the quality and effectiveness of their feedback
by providing more SRL feedback [60, 31], and by avoiding
self-level feedback and comments about conventions, which were
shown to not support student performance in the present study. To
optimize feedback from teacher comments and increase student
feedback uptake, teachers should support students in
understanding feedback comments and evaluation criteria [13],
which may require greater elaboration within comments and
potentially instruction outside of AL.
Design Implications: Automated Feedback Affordances
Feedback can improve performance [38], but poor feedback can
hinder student learning [31]. Middle school teachers may not have
enough time to provide quality and timely feedback to all
students, particularly when providing feedback to open-ended
questions that require source-based explanations [6]. Although
automated feedback may assist teachers in providing quality and
timely feedback without increasing their workload [6, 14],
challenges remain in building platforms to provide such feedback
within the context of source-based science questions. For
example, AL science questions are often constructed responses
that require connecting information from different paragraphs.
The state-of-the-art NLP research to automatically infer
information from paragraphs in reading comprehension is still in
early stage [22, 35]. One possible design for automated support
would be to collect other teachers’ feedback on the same question
in the AL platform and provide suggestions to the teacher.

Design Implication: Supporting Feedback Actionability
Some students were not responsive to feedback as indicated by
their submission of an empty answer or re-submission the same
answer. One solution to increase actionability could be pointing to
additional learning materials in an automated feedback setting
[33]. For example, Broos and colleagues [7] designed a button
“Okay, what now?” in a dashboard to provide actionable
feedback. Students could click the button to view extra reading
content. Similarly, a nudge can be implemented in AL—“Are you
sure you want to submit that empty answer?”

7. CONCLUSIONS
This study has two main contributions to reading and SRL
research: (i) empirically evaluating students' response changes to
short answer questions upon receiving feedback and (ii)
measuring the association of students’ reading and SRL with five
feedback categories. Our findings show that students who revised
their answers demonstrated statistically significant differences in
their scores. We also observed that teachers mainly provided
corrective feedback followed by explanatory and feedback related
to SRL behavior. Students exhibited more reading behavior upon
receiving these types of feedback than convention-related
feedback. These results may aid educators in writing feedback
comments to students for maximal impact.
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