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Abstract
Learning Analytics is concerned with the use of data collected in educational settings to support learning processes. We 
take a Learning Analytics approach to study the use of immediate feedback in digital classification tasks in mathematics. 
Feedback serves as an opportunity for learning, however its mere existence does not guarantee its use and effectiveness, 
as what matters is how learners interact with it. Therefore, our research questions are focused on that interaction. The data 
consisted of 266 object movements for classifying polygons, and 524 shape movements for classifying traffic signs, under 
the topic of symmetry. Participants included 29 elementary school students (9–12 years old) from Israel and Germany. Ana-
lyzing students’ success, feedback use, and the associations between them, we demonstrate how not acting upon feedback is 
negatively associated with success, and how this undesired behavior slightly reduces along the learning process.

Keywords  Digital classification task · Elementary school · Learning analytics

1  Introduction

Digital technologies increase opportunities for learning and 
teaching, as well as for educational research. In this context, 
Learning Analytics—an area of research and practice in edu-
cation that takes a computational approach to understand and 
improve learning processes—enables detecting patterns of 
usage in digital learning environments (Chatti et al., 2014). 
This is what we intend with our study, in the context of 
feedback use in mathematics education.

While solving digital tasks, automatic and immediate 
feedback may serve as an opportunity for learners to improve 
their knowledge and skills. A recent literature review 

suggests that in most cases, automatic feedback boosts stu-
dent performance (Cavalcanti et al., 2021). Nevertheless, 
the mere existence of feedback does not imply on its use. 
Whether feedback is used is mostly up to the learner (Nar-
ciss, 2013; Winstone et al., 2016). Yet, research on students’ 
actual use of feedback throughout the learning process is 
only in its infancy. Recently, Iraj et al. (2021) stated that to 
the best of their knowledge, theirs was “the first study to use 
an empirical methodology to examine student engagement 
with technology-mediated feedback” (p. 112). Although we 
cannot make such a strong claim, we do share the feeling 
that not much has been done in this field so far. For exam-
ple, Bruder et al. (2021) mentioned some studies examining 
feedback in mathematics education, for example diagnostic 
tests with automated individualized feedback (Roder, 2020) 
or digital diagnostic environments for identifying fault pat-
terns (Nitsch, 2015). Still, there is a gap in researching stu-
dent engagement with technology-mediated feedback.

Here we take a step forward in bridging this gap by using 
Learning Analytics, specifically analyzing log files drawn 
from a digital learning environment; these files continu-
ously and automatically document student actions within 
the environment. We do so in the context of two-choice clas-
sification tasks, which provide a convenient opportunity for 
exploring feedback use. In such tasks, which require students 
to classify objects based on a binary criterion (e.g., has/
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does not have, or has A/has B), simple feedback that indi-
cates whether the classification is correct implies the correct 
answer even when a classification was wrong. Therefore, by 
studying students’ behavior while engaged with digital two-
choice classification tasks that offer immediate feedback on 
correctness or incorrectness, we can examine how students 
use feedback. This is indeed the goal of the current research.

2 � Literature review

2.1 � Feedback in digital learning environments

Feedback is key to learning. Yet, as feedback can take 
multiple forms, it is not assumed a priori to have a posi-
tive impact on learning. In reviewing meta-analyses of the 
power of feedback, Hattie and Timperley (2007) stressed 
that the most effective feedback involves information about 
a task and how to perform it effectively, including cues or 
reinforcement. These findings were replicated by an updated 
meta-analysis (Wisniewski et al., 2020) that highlights the 
importance of providing information beneficial to learners. 
Beneficial feedback should be task-related, help students 
reject erroneous hypotheses, and direct them in searching 
and strategizing (Hattie & Timperley, 2007). This already 
hints towards the important role of the learner in the feed-
back use. Indeed, Narciss (2013) emphasized that learners 
may be affected by their goals, competencies and motiva-
tion even before they begin processing feedback information. 
They may subsequently undergo a self-controlled process 
of processing and learning that may lead to adjustments at 
their cognitive, meta-cognitive and motivational levels. For 
feedback to be effective, learners should receive it proac-
tively through a self-informed, meta-cognitive processes 
(Winstone et al., 2016). This is supported by a recent review 
of feedback models that highlights the importance of the 
learner (Panadero & Lipnevich, 2022).

Studies have shown that students’ preferences regard-
ing feedback type in digital learning environments (e.g., 
no feedback, correct answer, explanation alone, or answer 
accompanied by an explanation) vary greatly. Moreover, a 
high proportion of learners pay very little or no attention to 
feedback (Schimmel & Schimmel, 1988; Timmers & Veld-
kamp, 2011). That computer-based elaborated feedback was 
found ineffective, led Golke et al. (2015) to draw the reason-
able conclusion that this was a result of “the feedback was 
ignored rather than that it contained useless information” 
(p. 133). Therefore, feedback quality itself is not sufficient 
to determine its usefulness for learning, and we must further 
investigate whether learners notice feedback and act upon it.

To study learners’ engagement with feedback, we choose 
a digital environment that automatically provides immedi-
ate feedback to the learners during the process of solving 

a task. This way we have multiple instances in which we 
can observe possible (non-)reactions to feedback. Further-
more, in the case of a binary classification which we study, 
feedback on correctness may drive students to immediately 
correct incorrect responses, hence it serves the purpose to 
study learners’ engagement with feedback.

2.2 � Learning analytics in mathematics education

Along with the ever-growing use of digital learning envi-
ronments, the affordances of using log files for educational 
research has been emphasized. Log files automatically and 
continuously document student actions within the system. 
Most commonly, these files document learner actions, char-
acterized in three dimensions: the action taker (who?), the 
action itself (what?), and the action time (when?). Analyzing 
this data, it is possible to calculate a wide range of meas-
urements of the learning process, with the overall goal of 
improving learning (Duval & Verbert, 2012).

Log-based educational studies lie under the umbrella 
of Learning Analytics, which is most commonly defined 
as the “measurement, collection, analysis and reporting 
of data about learners and their contexts, for purposes of 
understanding and optimizing learning and the environments 
in which it occurs” (Ferguson, 2012a, p. 305). Within this 
wide area of inquiry, modeling student behavior in digital 
learning environment has been one of the key goals (Papam-
itsiou & Economides, 2014), and this is indeed the angle 
we take here. Note that traditionally, as Ferguson (2012b) 
put it, “learning analytics and its related fields are strongly 
focused on higher education”, but recently its importance to 
primary and secondary education has been stressed (Baker 
& Koedinger, 2018). The current study is another step in that 
direction, which continues our line of research in implement-
ing log-based studies in mathematics education (Ben-Haim 
et al., 2019; Hershkovitz et al., 2019, 2021, 2023).

Analyzing student behavior in mathematics education 
using learning analytics has raised insights that are impor-
tant for learners, educators, content developers, and policy-
makers. One of the most prominent examples in that sense 
is the development and study of ASSISTments, a popular 
online tutor for mathematics, of which log-based studies 
have demonstrated the existence of different patterns of 
student behavior (Adjei et al., 2017). Many other digital 
learning environments for mathematics have been used in 
log-based studies to explore learners’ behavior and we will 
mention just a few. Data that was collected using the Battle-
ship Numberland educational game was used to learn about 
number line estimation skills among fourth- to sixth-grade 
students, as well as about the associations between level of 
difficulty and engagement (Lomas et al., 2013). Data logged 
from MATHia, an online software for middle-school math-
ematics, was analyzed for studying content personalization 
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based on students’ personal interests, while also looking for 
associations between students’ success and personal inter-
ests (Fancsali & Ritter, 2014). Data from other intelligent 
tutoring systems for mathematics was used to explore pat-
terns of behavior in the system—e.g., help-seeking, multiple 
attempts—and their links with achievements and learning 
(Velasquez et al., 2014; Xie et al., 2017). Logged data from 
an interactive digital geometry task, where fifth- and sixth-
grade students were asked to construct, measure and trans-
form geometrical objects, was used to portray patterns of 
problem solving (Leiba, 2010). In the context of studying 
feedback in mathematics, log files were used in different 
settings to measure students’ learning while getting differ-
ent types of feedback (de Kock & Harskamp, 2016; Gal & 
Hershkovitz, 2019).

Key to learning analytics is the concept of operationali-
zation, that is, the translation of a theoretical construct to a 
log-driven computational mechanism. This process requires 
a deep understanding of both the theory of the construct 
in question and the nature and meaning of the stored data. 
Obviously, data from log files which is limited to student 
actions within a learning environment—contrary, for exam-
ple, to data that is originated in students’ eye movement and 
gazing—cannot inform us on viewing feedback. However, 
we may infer from it about acting upon feedback by knowing 
that feedback was given and examining the following action; 
this is the approach we take.

Regarding the operationalization of learner behavior, we 
should emphasize two methodological considerations. First, 
it is often easier to identify cases of not demonstrating a 
behavior rather than of demonstrating it, as has been com-
mon in log-based studies (Baker et al., 2004; Hershkovitz 
et al., 2013; Wixon et al., 2012). Second, learning periods 
are often split into sub-periods for tracking a learning behav-
ior along the learning process; sub-periods vary based on the 
study context, and could refer to, e.g., quantiles (Hershko-
vitz & Nachmias, 2011), days or weeks (Colthorpe et al., 
2015), or practice opportunities (Baker et al., 2013). Our 
approach follows these considerations, as we operationalize 
the absence of acting upon feedback, and for some analyses 
we split the period of using each task to two sub-periods.

3 � Research questions

The presence of immediate feedback concerning the cor-
rection of an object classification attempt leads us to three 
research questions (RQs). First, we address learners’ overall 
success in tasks, as learners could complete the task with full 
success if they pay close attention to the feedback, under-
stand it, and act upon it. Therefore RQ1a: To what extent 
do students succeed in a digital task that presents them with 

immediate feedback about object classification?; RQ1b: 
How does success change between tasks?

Second, we address the extent to which students dem-
onstrate a behavior of not acting upon feedback, and how 
this behavior changes along the learning process. Therefore, 
RQ2a: To what extent do students not act upon feedback in a 
digital classification task that presents them with immediate 
feedback?; RQ2b: To what extent does behavior of not act-
ing upon feedback change within and between tasks?

Finally, we address the associations between not acting 
upon feedback and success, in order to understand the poten-
tial implications of this behavior. Therefore, RQ3a: What 
are the associations between not acting upon feedback and 
success?; RQ3b: What are the associations between changes 
in not acting upon feedback within tasks and success?

4 � Methodology

4.1 � Research population

Our population consists of a convenient sample of N = 29 
elementary school students (17 boys and 12 girls) from 4 to 
6th grades, i.e., 9–12 years old (M = 10, SD = 0.9), from both 
Israel and Germany. In Israel n1 = 12 students were recruited 
through personal networks of the research team. In Germany, 
a 4th-grade classroom was recruited with n2 = 17 partici-
pants. In both countries, the sample contained students from 
different skill levels. We are aware of a statistically signifi-
cant difference in age between the two country-based groups 
(Mann–Whitney’s W-value = 38, at p < 0.01, and with Rank-
Biserial Correlation of 0.63).

In order to make sure that data from the two populations 
could be merged, we compared averages of all the research 
variables, using an independent samples Mann Whitney 
test. None of the variables showed significant difference 
between the countries. Also, there were no gender differ-
ences between the country-based groups, with χ2(1) = 2.26, 
at p = 0.13. Therefore, we treat the whole population as one 
group.

4.2 � Research tool and a priori analysis

Reflective symmetry, the mathematical topic addressed 
here, was chosen because it is commonly taught from grade 
3 at primary school on in Germany and Israel, and due to 
its strong visual presence, which makes it less language 
dependent. We focus on reflective symmetry of plane shapes, 
specifically on the recognition of lines of symmetry. Math-
ematical textbooks in both Germany (3rd-grade) and Israel 
(4th-grade) introduce students to reflective symmetry in a 
very similar way, by the following activity: Fold a piece of 
paper into two parts, and cut out a shape close to the fold 
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line, without cutting that line; open the folded paper—the 
resulting shape has two congruent halves, it is a symmetric 
figure, and the folding line is the axis of symmetry (Kol-
binger et al., 2006, p. 90; Rosenthal et al., 2010, p. 143). 
In the classification tasks, students were asked to classify 
objects based on the number of lines of symmetry. For that, 
two applets were designed and developed using GeoGebra 
(see Fig. 1). We chose GeoGebra as it allowed for flexible 
tasks design, and logging students’ actions.

4.2.1 � Research tool

The first applet—polygons task—presented seven quadrilat-
erals (Fig. 1, left), which the students were asked to classify 
based on the existence of at least one line of symmetry or 
none; the second applet—traffic task—presented ten traf-
fic signs (Fig. 1, right), which the students were asked to 
classify based on having either a single line of symmetry or 
multiple lines. The objects used in these tasks are presented 
in Tables 1 and 2. In each task, classification was done by 
dragging objects into one of two regions; students were able 
to re-drag an object from one region to another, including 
to and from the pool region, at any point and as many times 
they wished. We ran the applet on either tablets or touch-
screen laptops.

4.2.2 � A priori analysis

4.2.2.1  Designing the polygons task  While designing this 
task, we included both examples and non-examples as well 
as intuitive and non-intuitive figures (Tsamir et al., 2008). In 
the polygons task, the square and the kite (see Table 1) can 
be considered as intuitive examples (of having at least one 
line of symmetry) due to their typical representation. While 
the two parallelograms are presented in a typical shape 
(with the Rotated Parallelogram in an unusual orientation), 
they are non-intuitive non-examples, because they have a 

rotational symmetric property but not a reflective symmetry 
property; these can easily be mixed up and lead to a wrong 
classification. Since students seem to struggle with inclined 
lines of symmetry (e.g., Götz & Gasteiger, 2022; Seah & 
Horne, 2019) a rotated version of the square was added. As 
inclined lines of symmetry are considered non-intuitive, we 
added two intuitive non-examples: a trapezoid and an irreg-
ular concave quadrilateral.

Fig. 1   The applets used in this study: classifying quadrilaterals by the existence/non-existence of at least one reflective symmetry line (left), and 
classifying traffic signs based on the existence of a single or multiple reflective symmetry lines

Table 1   The objects that were incorporated within the polygons task

Image Name Has/has no 
line(s) of sym-
metry

Intuitiveness

Square Has Intuitive

Tilted square Has Non-intuitive

Parallelogram None Non-intuitive

Rotated paral-
lelogram

None Non-intuitive

Trapezoid None Intuitive

Kite Has Intuitive

Irregular None Intuitive
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4.2.2.2  Designing the  traffic task  In the traffic task, we 
chose shapes that students are most likely to be familiar 
with in their everyday life, while at the same time not 
being necessarily discussed in school. As traffic signs may 
come with at least one line of symmetry, we chose to ask 
students to categorize them as having one or multiple lines 
of symmetry.

Signs may consist exclusively of basic geometric 
shapes such as triangles, circles, squares both as outer 
and inner shapes (e.g., Priority Road, Yield, No Entrance), 
as opposed to shapes such as arrows or exclamation marks. 
In these latter instances, the inner shape differs from the 
outer shape (e.g., Proceed Straight, Warning, No Parking). 
As mentioned above, the orientation of the line of symme-
try (inclined vs. horizontal/vertical) is likely to be relevant 
for the difficulty level of their classification. Another factor 
is the number of lines of symmetry which varies from one 
(e.g., Warning) to infinite (e.g., Road Closed).

Since traffic signs are not often discussed regarding 
their geometric (and with that their symmetric) proper-
ties, classifying them as (non-)intuitive is complex. It can 
be assumed that an interplay between the previously men-
tioned characteristics (basic geometric shapes, orientation, 
and number of lines of symmetry) in a single object will 

affect learners’ classification process, making it more dif-
ficult to predict their behavior.

4.2.2.3  Designing the  feedback mechanism  For the two 
tasks, we distinguish between task and subtask level, as 
decomposing a task or problem into subtask is a valuable 
heuristic (Polya, 1981). On the subtask level, each object 
classification is considered an individual (sub-)task, of 
making the correct binary choice. On the task level each 
applet is considered as one task, that is, to classify all 
objects; as students are presented with all objects at once, 
they should implement strategies or heuristics for success-
fully completing their task, and may be impacted, while 
solving it, on their previous actions and what they had 
learned from them.

Furthermore, we differentiate between surface and deep 
behaviors. On the deep behavior, objects are analyzed by 
the student and classified based on the (assumed) proper-
ties. A classification of a square as having multiple lines 
of symmetry goes along with the hypothesis that it owns 
multiple lines of symmetry. However, the classification 
of objects in these tasks can be handled merely based on 
the provided immediate feedback, moving an object from 
a certain location without any (reasonable) hypothesis to 
another, which we consider to be surface behavior. Note 
that we do not claim to measure understanding, but rather 
only observable actions.

These distinctions are relevant for the choice of our 
feedback design. Considering the task level, feedback 
should be provided after all objects have been classified. 
On subtask level feedback is necessary after each classifi-
cation. Using this task as opportunity for students to learn, 
feedback on subtask level seems desirable (Drullion, 2019; 
Frey, 2022; Kuikka et al., 2016; McGuire et al., 2017) as 
it allows for drawing inferences for further classifications 
from (in-)correct classifications. Therefore, a design was 
chosen to be given at the subtask level. Yet, it should not 
interfere with any thought process while working on deep 
behavior. This is why feedback is provided in the form 
of an updated cumulative count of correct and incorrect 
classifications. It is rather low in attracting attention, while 
allowing for checking the correctness of all currently clas-
sified objects.

This feedback design also comes with a tradeoff, as it 
allows for students to work surface behavior and achieve cor-
rect classification, as explained above. Regardless of whether 
learners work on surface or deep behavior, it is expected that 
they correct any incorrect classifications immediately. This 
is as long as they pay attention to the feedback and treat 
classification of single objects as a subtask. Cases in which 
students do not immediately correct themselves may indicate 
that students either do not notice feedback or at least not 
react upon it.

Table 2   The objects that were incorporated within the traffic task

Image Name Single/multiple 
lines of sym-
metry

Priority road Multiple

Proceed straight Single

Road closed Multiple

Warning Single

Yield Multiple

No parking Multiple

Follow this way Single

No entrance Multiple

No stopping Multiple

Pass this side Single
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4.3 � Data collection

Data collection took place in March 2022. Members of the 
research team met with each of the participants individually. 
In Israel, meetings took place in the students’ homes, after 
getting approval from their parents; in Germany, meetings 
took place in school, after getting approval from their par-
ents and school team. Research was approved by the Insti-
tutional Review Board in both institutions.

First, participants were asked if they were familiar with 
the concept of reflective symmetry. Then, the researcher 
used another task, designed similarly to the two that we used 
and without any relation to symmetry, to ensure that the 
participant became familiar with the task interface and with 
the feedback mechanism. Finally, the researcher presented 
the participant with the symmetry applets, and made sure the 
instructions were clear. The participants were then allowed 
to use the applets by themselves until they stated that they 
were done. Each such meeting lasted for a few minutes.

4.4 � Data preparation

Our data included data at the level of object-movement, that 
is, dragging and dropping an object from one place on the 
screen to another place, along with the correctness of the 
classification. Overall, for the polygons task we had 266 
actions with the number of actions per participant ranging 
between 7 and 21 (M = 9.2, SD = 3.0); for the traffic task, 
we had an overall of 524 actions, ranging per participant 
between 10 and 69 (M = 18.1, SD = 13.9). This data served 
as the basis for our analysis.

4.5 � Data analysis

Analysis was done separately for each applet. Due to the 
relatively small population size, we used non-parametric sta-
tistical tests, that is, testing for differences between paired 
samples using Wilcoxon’s Signed-Rank test, and for cor-
relations using Spearman’s rho. Analyses were conducted 
in JASP 0.17.2.

4.6 � Research variables

4.6.1 � Not acting upon feedback (NAUF) [0–1]

We cautiously looked for cases in which noticing feedback 
and acting upon it would have resulted in a correct clas-
sification, but this did not happen. We identified two such 
scenarios: (1) When the most recently dragged object was 
correctly classified and in the immediate next step it was 
dragged out of its classification area; (2) When the most 
recently dragged object was moved to its incorrect desti-
nation, and in the immediate next step it was kept there. 

In other cases, we feel that inferring about not acting upon 
feedback is too interpretative. We first mapped all relevant 
steps—not including last action of each student—as either 
not acting upon feedback (1) or not (0). Then, we calculated 
a student-level NAUF by taking an average of the action-
level values across their actions.

4.6.2 � NAUF first/second half [0–1]

This variable accounts for changes in NAUF along the solu-
tion process referring to the two halves of a student’s solu-
tion process (regarding number of steps). We calculated for 
each student the relative amount of NAUF for the first and 
second halves of their solution process.

4.6.3 � NAUF trend [0–1]

This variable is a proxy for changes in NAUF along the solu-
tion process in yet another way, referring to the linear trend 
of cumulative NAUF values along the solution process. This 
is calculated as follows: We considered a function where 
the step number represents the independent variable and the 
cumulative NAUF score as the dependent variable. Then, 
we calculated the slope of the linear trend line of this func-
tion. A positive value denotes an overall increase in NAUF 
instances, and a value close to zero denotes an overall steady 
behavior.

4.6.4 � Final correct classifications [0–1]

For each student, we counted the number of correct classi-
fications when they stated they had completed the task. The 
maximum value for this variable is 7 for the Polygons applet, 
and 10 for the Traffic applets, therefore we normalized this 
variable by the total number of objects in each applet, for 
being able to compare between the tasks.

4.6.5 � Overall success [0–1]

For each student, we divided the number of correct clas-
sifications upon completing the task by the total number 
of actions it took to complete the task, to account for both 
correctness and number of attempts required to achieve the 
solution. The closer the value of this variable is to 1—the 
better the success is.

5 � Findings

This section is organized based on our RQs. In each sub-
section, we present findings for each task separately.
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5.1 � Success (RQ1)

We first ran descriptive statistics of the two success vari-
ables, then compared their means between the two tasks. 
Results are presented in Table 3 and described next.

In the polygons task, overall success took a medium–high 
mean (0.79), and final correct classifications took a very 
high average of 0.96; there were 7 participants (24%) who 
finished the task without all objects being classified cor-
rectly. In the traffic task, overall success took a medium–high 
mean (0.70), and final correct classifications took a very 
high average of 0.98; there were 5 participants who finished 
the task without all objects being classified correctly.

The differences in overall success and final correct clas-
sifications between tasks were not significant. The difference 
between the tasks in the distribution of completing the task 
with full success (yes/no) was also non-significant. Note 
that in a previous analysis of the same data drawn from the 
polygons task, we observed that non-intuitive quadrilaterals 
were more difficult to successfully classify than intuitive 
ones; no significant difference was observed for example vs. 
non-example quadrilaterals (Noster et al., 2022b). As for the 
traffic task, intuitiveness was not a priori assumed, and we 
could not draw exclusive conclusions regarding difficulty of 
examples vs. non-examples (Noster et al., 2022a).

5.2 � Not acting upon feedback (RQ2)

We first report on step-level analysis of NAUF, and then on 
student-level analysis, so we could get a full understand-
ing of this behavior. Results are listed in Table 4 and are 
described next.

5.2.1 � Step‑level analysis

Descriptive statistics of the research variables is reported 
before presenting the comparison between the tasks.

In the polygons task, there were overall 34 cases of 
not acting upon feedback, which accounted for 14% of all 
shape movements (out of 237 relevant movements, i.e., 
not counting last movement for each student). Interest-
ingly, there was a difference in percentages between the 
different types of not acting upon feedback. For the cases 
where an object was classified correctly, only 2 of the 174 

cases (1%) resulted in not acting upon feedback. How-
ever, for the other scenario, the rate was much higher: 
32 of the 50 cases where an object was incorrectly clas-
sified (64%). Furthermore, of the cases when dragging 
non-intuitive quadrilaterals, 20% resulted in NAUF (25 of 
122), while only 8% of the cases when dragging intuitive 
objects resulted in NAUF (9 of 115). The rates of NAUF is 
the cases of classifying example vs. non-example objects 
were similar to each other, 13% (15 of 112) and 12% (19 
of 154), respectively.

In the traffic task, we had a slightly lower overall rate of 
not acting upon feedback, with 57 of 495 relevant move-
ments (12%). For the cases where an object was classified 
correctly, only 5 of the 324 cases (2%) resulted in not 
acting upon feedback. For the cases where an object was 
classified incorrectly, 52 of the 153 cases (34%) resulted 
in not acting upon feedback. Finally, we look at NAUF 
instances from the perspective of dragged object’s sym-
metry. We found that of the 301 movements of objects 
that had multiple lines of symmetry, 38 resulted in NAUF 
(13%), slightly above the rate regarding objects that had a 
single line of symmetry (10%, 19 of 194).

Overall, not acting upon feedback rate was not signifi-
cantly differing between the two tasks, with χ2 = 1.18, 
at p = 0.28. In the scenario of not acting upon feedback 
that follows a correct classification, there was no signifi-
cant difference between the two tasks, with χ2 = 0.13, at 
p = 0.72; the change in the second type of not acting upon 

Table 3   Summary of the 
findings related to success

Variable Polygons Traffic Difference

Overall Success 0.79 (0.19) 0.70 (0.24) Z = 1.37
p = 0.18

Final Correct Classifications 0.96 (0.08) 0.98 (0.05) Z = 1.38
p = 0.18

# Participants with no perfect score 7 / 29 (24%) 5 / 29 (17%) χ2 = 0.42
p = 0.52

Table 4   Summary of the findings for student-level NAUF

*p < 0.05

Variable Polygons
M (SD)

Traffic
M (SD)

Difference

Overall NAUF 0.12 (0.13) 0.09 (0.09) z = 0.88
P = 0.39

NAUF first half 0.11 (0.16) 0.13 (0.14) z = 0.06
p = 0.97

NAUF second half 0.14 (0.23) 0.06 (0.09) z = 1.60
p = 0.12

Within-task difference 
between halves

z = 0.31
p = 0.78

z = 2.24*

NAUF trend 0.14 (0.15) 0.08 (0.08) z = 1.64
p = 0.11
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feedback—that is, after incorrectly classifying an object—
was significant, with χ2 = 14.0, at p < 0.001.

5.2.2 � Student‑level analysis

We first present descriptive statistics of student-level NAUF 
in both tasks, and then examine changes in this behavior. We 
take three different approaches for examining such changes: 
(1) Comparing the NAUF rates between two halves of each 
of the tasks; (2) Examining the overall trend of NAUF 
along each task; and (3) Comparing the overall NAUF rates 
between the two tasks.

The average value of not acting upon feedback at the 
student-level was 0.12 in the polygons task, and 0.09 in 
the traffic applet. As student-level NAUF values denote the 
average NAUF instances across each students’ actions, these 
values represent a relatively low rate of NAUF. However, in 
the polygons task, there were 17 students (59%) who dem-
onstrated at least one NAUF instance, and in the traffic task, 
this number was 18 (62%).

For the polygons task, NAUF first half and NAUF sec-
ond half took averages of 0.11 and 0.14, respectively; this 
difference is not significant. For the traffic task, NAUF 
first half and NAUF second half took averages of 0.13 and 
0.06, respectively; this decrease is significant, with a large 
effect size—measured by Rank-Biserial Correlation—of 
0.60. When comparing, in a between-tasks manner, first 
and second halves’ value of NAUF, we found no significant 
differences.

In the polygons task, NAUF trend values took an average 
of 0.14, and in the traffic task—it took an average of 0.08. 
This difference is not significant. These numbers represent 
a slight increase in NAUF instances along the task solving 
process.

The difference in overall NAUF rate is not significant 
when compared between the tasks.

5.3 � NAUF and Success (RQ3)

We tested for correlations between each of the two NAUF 
variables (NAUF, NAUF trend) and each of the success 

variables (overall success, final correct classifications). 
Results are listed in Table 5, and are described next.

Not acting upon feedback was significantly negatively 
correlated with overall success in both tasks; that is, the 
more students did not act upon feedback, the lower was their 
overall success.

Correlating with final correct classifications, we found a 
significant, negative association in the Polygons applet, and 
a non-significant correlation in the Traffic applet.

In the Polygons task, NAUF trend was negatively corre-
lated with both final correct classifications and overall suc-
cess, which means that as NAUF instances increased along 
the task solving process – success decreased. In the Traffic 
task, NAUF trend was significantly correlated with overall 
success, but not with final correct classifications.

6 � Discussion

In this research, we studied how students’ feedback-related 
behavior, while working on a digital classification task in 
the presence of immediate feedback, were associated with 
success in the task. We did so in the context of reflective 
symmetry, which is part of elementary school mathemat-
ics education. Our analysis was based on the learning envi-
ronment log files, which allowed us to trace every student 
action, and therefore to portray the solution process in high 
resolution. In this section, we discuss our findings.

6.1 � Ending tasks with no full success (RQ1)

While working on a binary classification task, immediate 
feedback of correctness allows students to easily derive the 
correct answer. Therefore, noticing feedback and acting 
upon it would have resulted in an overall correct classifica-
tion. As we demonstrated, for some participants—this was 
not the case. While we cannot know whether our participants 
failed to notice the feedback, did not fully understand it, or 
intentionally decided to not act upon it (or any combination 
of those), this finding is aligned with the literature stating 
that the mere existence of feedback is not sufficient (Hattie 
& Timperley, 2007; Wisniewski et al., 2020). It is possible 

Table 5   Summary of the 
associations between NAUF and 
success

*p < 0.05, ***p < 0.01, ***p < 0.001

Variable Polygons Traffic

Overall Success Final Correct Clas-
sifications

Overall Success Final Correct 
Classifica-
tions

NAUF ρ = − 0.74*** ρ = − 0.59*** ρ = − 0.46* ρ = − 0.29
p = 0.13

NAUF Trend ρ = 0.73*** ρ = − 0.50** ρ = − 0.40* ρ = − 0.05
p = 0.80
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that learners simply were not able to correctly identify lines 
of symmetry in given objects, as was reported by other 
researchers (Seah & Horne, 2019); if this was the case, it is 
possible that our feedback did not provide enough scaffold-
ing as for where to look for these lines. Also, our feedback 
did not help students to better strategize in the second task 
based on their behavior in the first task; indeed, this is our 
goal for future research; that is, identifying various relevant 
student behaviors—of which NAUF is one example—and 
designing effective feedback.

6.2 � Understanding NAUF behavior (RQ2)

Our findings showed that the behavior of not acting upon 
feedback is existing—albeit not to a large extent—and is 
rather consistent and hardly changes (see 5.2.2). Therefore, 
we recommend that students should be explicitly taught 
how to make effective use of feedback. They should become 
familiar with the very existence of the feedback mechanism 
and the most effective ways of engaging with it (notice), 
realize what they can learn from it (understand), and rec-
ognize potential responses that would make their learning 
process effective (act upon). This leads us to an important 
recommendation in the context of learning with digital 
learning environments: Notice, understand, and act upon 
immediate feedback. Educators and designers of digital 
learning environments should not neglect the importance of 
the first two steps in this recommended process; if feedback 
is neither noticed nor understood it cannot be acted upon in 
any (meaningful) way.

It should be noted that this model of notice, understand, 
and act upon may work not only as deep, but also as sur-
face behavior. However, based on the design of the task we 
studied here, we may cautiously deduce that students did 
not process the feedback as surface behavior. Mostly, this 
is relevant to the way reflective symmetry is understood 
by students, which has to do with folding a physical object 
around a line. As folding is not available in the digital envi-
ronment, students can only implement mental folding, that 
is, imagining the whole process of constructing a potential 
line of symmetry, superimposing the two parts created by 
it, and testing for the fit of these two parts. This makes the 
task difficult, and may lead students to be convinced in their 
decision about an object despite feedback indicating on an 
erroneous classification; in such cases of discrepancy, dem-
onstrating NAUF is indicative of deep behavior. Indeed, we 
found evidence that most instances of students not acting 
upon feedback occurred after incorrect classifications. Alter-
natively, we suggest two other explanations for this finding.

First, the way that the two feedback scores were posi-
tioned on the screen on top of each other may have made the 
incorrect score (bottom) less visible than expected. An eye-
tracking study of using feedback in a digital game had shown 

that students spent more time on critical (negative) feed-
back than on confirmatory (positive) feedback (Cutumisu 
et al., 2019), which would mean that it is more likely for 
them to respond to critical than to confirmatory feedback, 
however apparently they did not. Relying on previous eye-
tracking studies showing that the lower an information is 
presented on the screen, the less attention it gets (Bojar et al., 
2016; Djamasbi et al., 2011). Therefore, it is possible that 
the higher count of not responding to feedback after correct 
classifications is because of the order of feedback scores and 
not the mere message depicted in these numbers.

Second, it may be that after wrong classifications, stu-
dents are less susceptible to feedback. Students who do not 
perform well academically tend to attribute their failure to 
external factors rather than to internal ones, therefore are 
less susceptible to feedback that may help them improve 
(Coutinho et al., 2020). Also, feedback that indicates on 
incorrectness is likely to harm affective-motivational state 
(Kuklick & Lindner, 2023), and emotions have key role 
in feedback acceptance (Molloy et al., 2019; Naismith & 
Lajoie, 2018). It is therefore recommended to design feed-
back that sensitively elaborates why a classification is 
incorrect.

As for changes in not acting upon feedback, we found 
some evidence indicating on decrease in this behavior. 
This is demonstrated by a drop in the step-level measured 
behavior after incorrectly classifying an object, as well as 
a decrease in students’ rate of not acting upon feedback 
between first and second halves of their task solving process 
in the Traffic task. At the same time the rate of not acting 
upon feedback seems to be rather consistent, as indicated by 
the overall lower values of the trend variable. This means 
that learning to use feedback effectively may take time and 
may require some scaffolding; indeed, using feedback has 
been suggested as an essential skill for today’s learners (e.g., 
Kivunja, 2015).

6.3 � NAUF and success (RQ3)

We found that not acting upon feedback is associated with 
lower performance, hence may be harmful, probably due to 
limiting opportunities to learn. An increasing trend of this 
behavior is also associated with lower performance. Not act-
ing upon feedback may be seen as a form of disengagement, 
whether it indicates not noticing the feedback, not under-
standing it, or merely not taking action following it. Indeed, 
disengagement has been traditionally associated with low 
performance (e.g., Forbes-Riley & Litman, 2013; Wise & 
Kingsbury, 2022), and specifically in digital learning envi-
ronments, e.g., in the case of gaming-the-system (Baker, 
2007), or wheel-spinning (Beck & Gong, 2013).

With that, we hypothesize that the other side of that coin 
will also hold, that is, that acting upon feedback will be 
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positively associated with success. It is important to empha-
size that acting upon feedback is not merely a counter-behav-
ior to the one measured here, as having no evidence for not 
acting upon feedback is not necessarily evidence for acting 
upon it.

6.4 � Operationalization of feedback use

Using learning analytics yields great potential for studying 
student behavior in digital learning environments, as data 
can be collected automatically and unobtrusively via log 
files. This is in line with the idea of Chatti et al. (2014), 
which translates the main goal of learning analytics into 
insights, decisions and actions to improve learning and 
teaching. However, the question is how such data can be 
used to benefit mathematics learning. In doing so, we want 
to focus not only on the results of solving tasks, but also 
include data on the student’s solving process. Thus, as a 
long-term goal, we want to investigate the effectiveness of 
students’ solution processes in a digital environment—based 
on the analysis of log files. More specifically, we wish to 
discuss the extent to which we can empirically identify strat-
egies and factors that lead to success.

As in any learning analytics-based study, one of the basic 
methodological components of our study is the operationali-
zation of our research variables, specifically not acting upon 
feedback. Recalling that student-feedback interaction is a 
complex construct, we had to make some assumptions while 
trying to identify instances of not acting upon feedback in 
the log files. The first of these was that it would be more 
feasible to identify acting upon feedback than noticing it or 
understanding it; with only log files traces in hand (and not, 
for example, data from eye-tracking camera), this seems to 
be a reasonable assumption. Another assumption was that it 
would be easier to identify cases of not acting upon feedback 
rather than of acting upon it; following this assumption, we 
defined those cases where “a reasonable student” would have 
immediately acted, and defined a non-action when this did 
not happen.

6.5 � Limitations

Our study is, of course, not without limitation. First, it 
is limited by its relatively small number of participants; 
we plan to increase these numbers in our future research. 
Second, the change in the level of difficulty between the 
two applets may have served as an obstacle while working 
through the traffic task; here we plan to design future tasks 
using a more moderate increase in complexity. Third, the 
design of our tasks may have affected student behavior—
some objects might have been more prominent than others 
due to their location on the screen or size; in the future 
design of similar tasks, we will take these aspects into 

consideration to reduce such biases as much as possible. 
Finally, while relaying on log files has a major advantage 
both methodologically (i.e., the ability to computationally 
analyze data from large populations) and practically (i.e., 
the potential to support students with real-time feedback), 
our operationalization of variables should be considered 
only as a proxy to behaviors we wished to capture (e.g., 
noticing feedback); therefore, we suggest complementing 
such studies with another means of data collection, e.g., 
observations, interviews, or eye-tracking.

6.6 � Conclusions

In this research, we studied student actions while working on 
digital binary classification tasks in the presence of immedi-
ate feedback, in the context of reflective symmetry. Overall, 
our findings support the notion that feedback contribution 
to learners is not a result of its mere existence, but rather of 
the way learners interact with it; therefore, our recommenda-
tions emphasize the need to educate students to work with 
feedback: feedback should be noticed, understood, and acted 
upon. This is especially relevant when learners struggle with 
the topic at hand, as was the case for reflective symmetry. 
Our recommendations though, may be applicable to any 
such classification tasks, across a variation of mathematical 
domains.

An important contribution of our research is its unique 
methodology following an approach from Learning Analyt-
ics by analyzing log files. An advantage of this computa-
tional approach is its ability to be implemented within digital 
classification tasks, hence, to identify student behavior in 
real-time. This way, it is possible to design and employ a 
real-time feedback mechanism for problem-solving strate-
gies, holding the potential to support the learning process.

It should be noted that this approach holds the potential to 
be carried out on a large-scale and detect patterns from data 
collected in a non-obtrusive manner, that resembles authen-
tic solution processes. The challenge in this approach lies in 
identifying and operationalizing variables that allow infer-
ences on learners’ understanding of a given context, which 
we made a first step towards. Due to the unused potential 
of log file analysis, we want to encourage this approach to 
be further explored and pursued in mathematics education.
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