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Abstract

In online learning environments, assessment is an important dimension and also one of the most challenging parts
of the online learning process. So, to provide effective learning, analyzing students’ behaviors is important when
designing online formative and summative assessment environments. In this study, students’ profiles were
analyzed within an online formative assessment environment and compared with a summative assessment
environment based on attempt count, overall time spent, first-attempt score, and last-attempt score metrics. The
within-subjects design, cluster analysis, and the Kruskal Wallis-H Test was carried out for analyzing behaviors.
As a result, it was shown in the data that there were three main clusters. Cluster 1 showed a high number of
interactions, and an increasing trend was observed in “grades” over “attempts”. Additionally, Cluster 2 consisted
of students who received the best grades in all other clusters, and finally, Cluster 3 consisted of students who
interacted little and scored lower on formative assessments.
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Introduction

Assessment is one of the primary components of the online learning process. Two of the main
approaches used in assessment design are formative and summative assessment. While both assessment
approaches are focused on student development and progress, their approaches differ. Harlen and James
(1997) defined formative assessment as an “assessment for learning” that focuses on student learning at
the current stage and supports learning for the next step. While summative assessment, also defined as
an “assessment of learning”, is considered a more systematic and continuous recording of overall
achievement. As a result, formative assessment focuses on the improvement of learning, whereas
summative assessment focuses on providing information for accreditation and evaluation (Xiong et al.,
2018). In an online course based on a formative assessment approach, students are aware of their
strengths and weaknesses, can be more engaged and motivated, and monitor their progress (Crisp &
Ward, 2008; Wolsey, 2008). Additionally, formative assessment can help decrease students’ anxiety
levels (Cassady & Gridley, 2005) and increase interaction between peers and instructors (\Vonderwell et
al., 2007). For this reason, the design of formative assessment is important in terms of providing
information about how students perceive this process.
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Technology use during the formative assessment process is especially seen as a pillar of tracking
students’ learning and performance within 21st-century learning environments (Shin et al., 2022).
However, due to the nature of the formative assessment process, students sometimes tend to put less
effort into these tests, which can ultimately cause poorer results compared to the summative assessment
process (Wise, 2006; Yildirim-Erbasli & Bulut, 2022). The effort shown during test-taking is an
important dimension of the formative assessment environment and allows the documentation of student
engagement (Wise et al., 2013; Yildirim-Erbasli & Bulut, 2020). Test-taking frequency (Blondeel et al.,
2023; Palmen et al., 2015; Shin et al., 2022) and response time and patterns (Man et al., 2018; Yildirim-
Erbasli & Bulut, 2020; Wise & DeMars, 2006) are also indicators of students’ engagement and
motivation within the formative assessment process.

It is essential to investigate students' behaviors during the self-assessment process to find patterns that
have a negative effect on learning (Yang et al., 2022). Also, revealing test-taking behavior allows for
the identification of students' trial-and-error patterns and cheating activities (Man et al., 2018) and
provides timely feedback for maintaining mastery of learning (Hui, 2023). It also enables researchers
and/or administrators to gain greater insight into the processes and behaviors that lead to a specific test
outcome (Stadler et al., 2020). Investigation of formative assessment behaviors also helps to make
intervention possible and can significantly impact student interests and achievements (Rakoczy et al.,
2019). Typically, these scales have been employed by researchers to examine exam-taking behaviors;
however, self-report measures are weak against many forms of bias, and at times these scales can be
quite limited, as they only provide fundamental information regarding a student's motivation towards
test taking. Additionally, it can be hard to know how accurately test takers complete the scale (Wise &
Gao, 2017). Thus, log data analysis can provide important information regarding students' behavior in
formative online assessments for both professionals and educators (Guo, 2021). This data can also be
useful for detecting differences in students’ aberrant behavior in real time (Han & Kang, 2021) because
itis areliable predictor of the ability to be tested (Stadler et al., 2020). For example, students' interactions
during the evaluation process are typically stored in log data. Some of these metrics include the number
of student attempts, number of question views, number of hints viewed, number of submissions (Yang
et al., 2022), response time data, total scores (Guo & Ercikan, 2021), test scores and submission times
(Hui, 2023), individual mean item response times (Lee & Haberman, 2016), omitted items (Sarac &
Loken, 2022), time-on-task and the number of interactions (Stadler et al., 2020), and flagged, reviewed,
changed, or omitted items (Wise & Gao, 2017). These studies show that the trial scores, response time,
and trial numbers are the most often used metrics. However, the pre-processing of data obtained from
several assessment tools is seen as a limitation, and as a result, obtaining the necessary metrics from
commonly used learning management systems can contribute to the literature and provide important
insights into students' test-taking strategies and student profiles.

One test-taking performance study by Silm et al. (2013) focused on performance in low-stakes tests.
According to their aim, they specifically searched for the number of items test-takers attempted to solve,
the number of correct answers, overall time spent, and the speed of their accomplishments. The research
was focused on 327 first-year students attending a higher education institution. It was found that when
the difficulty levels of items are similar, the number of items solved and the mean time for each item
can predict performance in low-stakes tests and short response times signal low-test scores. It was also
discovered that the mean time for incorrect answers was shorter than the mean time for correct answers.
Additionally, in another study using responses and response times for computer-based reading
assessment, Yildirim-Erbasli and Bulut (2020) evaluated the effect of students' test-taking efforts on
their reading growth. A quick screening tool was designed and applied to 7602 students over an
academic year to monitor and assess their reading ability. They found that rapid guessing and slow
responses can be helpful when calculating and interpreting students’ growth estimates. In a large-scale
test, Programme for International Student Assessment (PISA) 2012, Lundgren and Ek16f (2020) focused
on test-takers' within-item behaviors from a self-reported and behavioral effort perspective. Essentially,
they analyzed time on task, time to first action, number of actions, unique routes, repeated wrong routes,
and actions per minute variables with self-reported data by using math test scores. Thus, they determined
that low levels of effort before completing a task may not be diagnostic of test-taking motivation,
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although low levels of effort before taking a test appear to be below the level of effort put in prior to
giving up on a task. So, these variables/metrics provide important information when analyzing and
interpreting the formative assessment results.

Clustering is employed for profiling purposes due to the clustering technique's interpretable insights
regarding the relationship between test administration decisions and student performance profiles (Shin
et al., 2022). Profiling test-takers or profiling students’ test-taking behaviors are two of the primary
approaches in clustering studies. For example, Yang et al. (2022) used cluster analysis to analyze how
students interacted during formative assessments, which were given as a post-class self-evaluation. In
the results, three distinct student profile clusters were determined. The students in Profile 1 were those
who engaged the assessment system and hinted at it sparingly. While in Profile 2, students participated
in exams, reviewed questions, and struggled to answer them. On the other hand, students in Profile 3
were those who successfully remembered information and used the exam system most. Therefore,
according to these findings, students who completed online tests after class typically scored higher than
those who did not, and those who engaged in non-standard behavior during the test did not increase their
performance. Tempelaar et al. (2018) demonstrated that different at-risk groups might be identified by
clustering several interaction data items including formative assessments. They highlighted that
appropriate interventions are available by identifying these profiles. Additionally, Guo (2021) found
four distinct student profiles in online exams taken at home or testing centers. Test-takers in only certain
clusters tended to spend the majority of their time solving items, whereas, in other clusters, they were
to have read the exam instructions for a significant portion of the time. In another study, Stenlund et al.
(2018) clustered test-takers into groups and discovered three distinct student profiles: moderate, calm
risk-taker, and test anxious risk-averse profile. Furthermore, in group difference studies, it was revealed
that in terms of test performance, the calm risk-taker profile was the most successful, while the test
anxious risk-averse profile was the least successful. Another approach in profiling studies is clustering
individual test attempts rather than clustering an average over modules or students. Hui (2023) also
stated that possible differences between scores and test types could be clustered and analyzed separately.
Thus, computer-based techniques can be utilized to detect students who do not exhibit normal patterns
by revealing behavior patterns through clustering. For example, Liao et al. (2021) claimed it is
challenging to identify "item harvesters" who memorize or share test items. Thus, they offered a two-
stage solution to identify this behavior, which, in the end, appeared to make tests less reliable. As a
result, the initial phase should include cluster analysis to identify learners’ test-taking behaviors, and
then, abnormal behaviors must be marked for further investigation.

The clustering technique provides valuable information within a learning analytics framework to detect
these general behaviors. It was shown in the presented literature that especially test-taking effort,
engagement, and motivation play important roles in online formative assessments. When focusing on
these dimensions, researchers worked in particular with the number of items that test-takers attempted
to solve, the number of correct answers, overall time spent, and response time. Importantly, these user
metrics had not been previously found to be analyzed by comparing summative and/or online formative
test environments. Therefore, in the current study, students’ profiles were analyzed within an online
formative assessment environment and then compared with the summative assessment environment
based on the metrics of attempt count, overall time spent, first attempt score, and the last attempt score.

Research Questions:

1. How many different groups are students divided into according to the metrics of taking
the formative test?

2. Is there a significant difference between students in different groups in terms of their
summative test scores?

Method

In the current study, a within-subjects design was used, and comparisons were made of the test-taking
behaviors of participants in the weekly quizzes (formative assessment) and mid-term exams (summative
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assessment). Features related to the test-taking behaviors of students were extracted from the database
through data mining methods. Also, cluster analysis and the Kruskal Wallis-H Test were used to test
whether there was a statistically significant difference in test-taking behaviors of students for the online
formative and summative tests.

Participants

This study was conducted at a state university with 66 vocational school students enrolled in Web
Programming Il courses as part of the Computer Programming and Internet and Network Technologies
Distance Education Programs. The students’ ages ranged from 18-45 years old, and the group included
51 males and 15 females. The duration of the course lasted approximately 14 weeks, and the theoretical
transfer and implementation of the course were conducted online. Finally, the mid-term and final exams
in this study were administered in a face-to-face setting.

Procedure

The research process was carried out between the sixth and eighth week of the course. Students had
access to the formative assessment test following the lecture in week six until week eight when the mid-
term exam was held. This process involved the formative assessment design that included the processes
of "finding and handling information" and "assessment" in the Learning Design Taxonomy (Toetenel &
Rientes, 2016). The formative test was structured using a question bank containing questions that had
previously been used for the mid-term exam in the previous semester. Importantly, the question bank
included subjects relevant to the mid-term examination and was systematically categorized into distinct
units. Notably, the distribution of questions across units within the question bank was found to be
uneven. Nonetheless, during the examination process, each student uniformly encounters an equivalent
number of questions from each unit. To illustrate, each student has posed four questions sourced from
both Unit 1 and Unit 2. These questions might manifest either as a duplicate or exhibit some variation
amongst themselves. In each attempt of the formative test, the students were randomly assigned 20
questions from the question bank. The students were then asked to answer the questions they had been
provided within 30 minutes. At the end of each attempt, the question itself, the students’ answers, and
feedback regarding the correct or not correct answers were shown. Furthermore, the students were not
shown the correct answers to any of the questions. When the students did answer a question incorrectly,
they were expected to peruse the course resources themselves to determine the correct answer as well
as review the instructor's lecture recordings and discuss what they had learned.

The summative assessment was comprised of a total of 20 multiple-choice questions, and all students
engaged in the examination under uniform conditions. Additionally, the examination was administered
according to a specific online framework. Also, students were diligently supervised by an instructor
through an online live virtual classroom. Furthermore, the students' interactions within the web browser
were subject to scrutiny via the implementation of a Proctoring Moodle Plugin. As a result, following
the conclusion of the examination, analysis of the test items was carried out and indices related to the
item difficulty spanned a spectrum from 0.23 to 0.78. Therefore, the reliability coefficient of the items,
as assessed through Cronbach's alpha measure, was determined to be 0.695.

Data Analysis

In answering the first research question, students' formative exam-taking behaviors (digital traces during
the exam) were analyzed using the four metrics mentioned in Table 1. Cluster analysis was used to group
the students based on their exam-taking behaviors, and with this analysis, it was determined there were
common exam-taking behaviors among the students. Due to there being no prior insight into the number
of clusters, the number was determined automatically using the Silhouette metric. Thus, the k-Means
algorithm in Orange data mining software was used for the cluster analysis. Since the distributions of
the data were not in a standard range, normalization was applied in the data pre-processing. Additionally,
the Silhouette scores of clusters from 2 to 9 were calculated to determine the ideal number of clusters,
and the number of clusters with the highest Silhouette score was considered as the ideal number of
clusters.
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Table 1.
Metrics used in the clustering and their explanations
Metric Description
Attempt count Total number of attempts by the student in the formative assessment activity

Overall time spent  Total time spent by the student in formative assessment activities (min)
First attempt grade  Student's grade for the first attempt in the formative assessment activity
Last attempt grade Student's grade for the last attempt in the formative assessment activity

Next, to answer the second research question, a Kruskal Wallis-H test was used to compare summative
test scores based on clusters. During this process, a non-parametric statistical analysis was also used due
to the normality assumption not being met.

Results

In this study, students’ profiles were analyzed within a formative assessment environment and then
compared with an established summative assessment environment by gathering several learning
management system metrics. Thus, these metrics were used for clustering students and determining their
test-taking behaviors. As a result, to analyze this situation in further depth, two research questions were
studied.

RQ1. How many different groups are students divided into according to the metrics of taking the
formative test?

When the Silhouette scores of clusters 2-9 were examined, it was recognized that the students were
ideally divided into three clusters. When considering the cluster centroids provided in Figure 1, along
with the descriptive statistics provided in Table 2, it was determined that the students in Cluster 3 (n =
7) made fewer attempts (Mdn = 2) and spent less time (Mdn = 10 min) in the formative assessment
activity than students in the other cluster. Additionally, when the first and last attempt grades were
examined, it was noteworthy that both were found to be low, and there was a negligible score increase
within students’ last trial compared to their first trial.

Next, students in Cluster 1 (n = 20) were those who made the most attempts (Mdn = 11) and also spent
the most time in the formative assessment activity (Mdn = 194 min). As a result, according to the median
trial numbers presented in Table 2, students within this group made four times more attempts than those
in Cluster 2 and six times more than those in Cluster 3. Similarly, considering the median time spent,
students in Cluster 1 spent four times more time than those in Cluster 2 and 20 times more than those in
Cluster 3. However, when their scores from the exams were examined, it was recognized that their first-
attempt grades were low, and their last-attempt grades were seen to be high. In other words, it was
observed that there was a three-fold increase between their first and last attempt grades.

On the other hand, students in Cluster 2 (n = 38) were found to fall in between Cluster 1 and Cluster 3
in terms of the number of attempts (Mdn = 3) and time they spent (Mdn = 50 min) when considering
their cluster centroids. However, despite fewer attempts, their first-attempt grades were determined to
be higher than both clusters (Mdn = 15). This value was two times higher than the median first-attempt
grades of Cluster 1 and approximately three times higher than that of Cluster 3. Therefore, it was
determined there was an increase of four points between the median grades of their first and last attempt.
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Figure 1.
Cluster Centroids
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Table 2.
Descriptive statistics by clusters
Cluster Statistics Attempt count  Overall time spent First attempt grade Last attempt grade
Mean 12.15 205.52 5.35 17.05
Cluster 1 N 20.00 20.00 20.00 20.00
Std. Deviation 6.11 100.84 3.84 2.42
Median 11.00 194.02 5.50 17.00
Mean 3.28 55.18 10.69 15.00
Cluster 2 N N 39.00 39.00 39.00 39.00
Std. Deviation 1.88 36.19 4.68 2.47
Median 3.00 50.30 11.00 15.00
Mean 1.43 9.36 1.43 157
Cluster 3 N o 7.00 7.00 7.00 7.00
Std. Deviation .53 9.40 2.51 2.70
Median 2.00 9.60 4.00 5.00

RQ 2. Is there a significant difference between students in different groups in terms of summative

test scores?

When comparing the summative test scores according to clusters, the non-parametric Bonferroni
Correction with the Kruskal Wallis-H Test was applied since Levene's Test statistic was significant (L

=5.890, dfl = 2, df2 = 59, p <. 01).

Table 3.
Kruskal Wallis-H Test results
Cluster? Mean N SD Median  Mean Rank  Chi-Square® df p
Cluster 1 35.500 20 11.34 35.00 23.05
Cluster 2 49.359 39 18.36 40.00 36.67
C
Cluster 3 33.333 3 5.77 30.00 20.67 8741 2 013
Total 44113 62 17.28 40.00
a. Kruskal Wallis-H Test
b. Grouping Variable: Cluster, Dependent Variable: Summative Grade
c. Significant: Bonferroni Correction n(nfl)/z =.05/3 =.01667 = .013 <.01667
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According to the results from the Kruskal Wallis-H Test (Table 3), it was determined that there was a
significant difference between clusters in terms of summative test scores (Chi-Square = 8.747; df =2, <
.0167). Thus, learners in the high-scoring group with fewer attempt counts in the formative test (Cluster
2, Mean: 49.359, Mean Rank: 36.67) achieved higher success within the summative test than those from
the other two clusters. As a result, a significant difference was found to be present only between Cluster
1 and Cluster 2 in terms of summative assessment scores (U = 220, W =430, Z = -2.734, p = .006, Adj.
p = .016). Furthermore, no significant difference was found between Cluster 3 - Cluster 1 (U =29, W =
35, Z2=-0.93, p =.830, Adj. p = 1.00) and Cluster 3 - Cluster 2 (U =27, W = 33, Z = -1.5645, p = .137,
Adj. p = .411).

Discussion

Analysis of learning progressions in exams, along with the dimensions of task design, trustworthiness,
and fairness, is one way to take advantage of the potential of assessment analytics (Gasevi¢ et al., 2022).
In the current study, the formative exam metrics collected from distance education students and students'
test-taking behaviors in formative assessment were investigated through cluster analysis. As a result, it
was revealed through the cluster analysis that three distinct student profiles were present via the
assessment analytics.

Additionally, students in Cluster 1 showed a high number of interactions; while receiving low scores in
their first attempts, they increased their scores in further attempts. When considering the first attempts,
these students exhibited low achievement, but after making some effort, their scores improved.
Furthermore, as a strategy, they may have reviewed the questions and then attempted to solve them by
taking the exams again. Liao et al. (2021) discovered a similar behavior pattern in their studies and
mentioned them as “item harvesters” who tended to remember, record, and then share items included in
the test among their peers. Interestingly, these students caused security concerns within the high-stakes
exams. On the other hand, the students could have discovered this pattern for themselves within the
formative assessment process. Hui (2023) also determined similar patterns, stating some students
exhibited developing patterns for discovering potential correct answers. In the current study, students in
Cluster 1 made several attempts, received low scores on their first attempts, and then increased their
scores in subsequent attempts. As a result, this may be evidence of a pattern related to formative
assessment item harvesting via memorizing test items along with options for further attempts.
Importantly, possible reasons for this may be a sense of curiosity, the goal of being more successful,
and/or learning by trial-and-error. Hui (2023) stated in their findings that some students with high scores
submitted the exams earlier with the aim of having additional time in case help was needed. Again, in
the current study, students in the first group started their formative exams earlier than those in the other
groups. This may have also indicated that their aim was to identify any misconceptions they may have
had and correct those misconceptions within a sufficient amount of time required for the summative
assessment. Students in Cluster 1 were also found to be the ones who spent the most amount of time on
exam trials in terms of total time spent. Thus, as a result of the high number of trials, it was expected
that the total time would increase as well. However, this could also be proof of their effort by considering
their correct answers in subsequent attempts. As a result, students in this profile included those who
were found to have the highest number of exam attempts. The fact that these students took the exams a
considerable amount of time before the summative exam and regularly took the formative exams enabled
them to increase their scores throughout this process. According to Hui (2023), trials that do not lead to
progress in scoring can be described as trial-and-error, and trials that increase scores over time can be
described as effortful improvement. Similarly, students with low scores show more random guessing
behavior than those with high scores (Stenlund et al., 2017). In this respect, we can assume that students
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in Cluster 1 exhibited some form of trial-and-error or random guessing behavior as part of their first
trials and then likely worked to show effortful improvement progressively.

Next, Cluster 2 consisted of students who received the highest scores among all the clusters. In the
formative exam, their first-attempt scores were higher, yet their subsequent attempt scores were lower.
Importantly, the number of trials was low, along with the number of interactions being lower than that
of other students. Students who studied and desired to assess themselves prior to the final exam might
have been part of this group. Furthermore, according to their behavior, they tended to wait until the last
day, just before the final exam. Interestingly, this pattern resembled a similar pattern from Stadler et al.
(2020), which demonstrated that higher-ability students spent more time in the problem-solving process
but interacted less than others. The fact that these students earned high scores, more recently tested
themselves, and showed little interaction indicated having a higher level of ability. Also, we can
conclude that students in this group were successful due to more likely knowing what they wanted and
not needing to make further attempts and/or spend further time due to their earning high scores on the
first attempt. This pattern was also similar to the result of Hui (2023) in which students with high scores
did not make any subsequent attempts and ultimately stopped making attempts. Additionally, Hui (2023)
explained that these students did not benefit from additional time and, as a result, should not make
further attempts during this period due to the exam being too easy for them and, therefore, not needing
to carry out additional work. The fact that students in Cluster 2 earned high scores on the formative
exam on their first attempt and that their scores decreased in the next application followed a similar
pattern. On the other hand, Yang et al. (2022) stated that students who frequently participate in formative
assessment following the lesson receive higher scores from the summative exam than those who do not.
A similar pattern was also observed in the current study when students from Cluster 2 received high
scores for both the formative and summative exams.

In Cluster 3, students who had limited interaction were found to also score lower on formative
assessments. Additionally, several students in this subgroup did not complete the final exam. Hui (2023)
claims that some students may struggle to understand course material, which causes them to lose interest.
This could be what caused the students to disengage as well as preventing them from completing the
final exam. Importantly, a risk of dropping out of this course was present for students from this cluster.
In this regard, it is important to intervene and assist students who fail to participate and/or receive low
scores in their formative assessment, and this group of students should be considered at-risk for drop-
out students.

Conclusion, Limitations, and Future Research

In the current study, the formative assessment test-taking behavior of students was analyzed along with
investigating the student profiles. Clustering was applied to the metrics collected from formative
assignment interactions, and then these were compared with the metrics in terms of the differing student
profiles. Importantly, meaningful differences were found between students’ formative assessment test-
taking behaviors and summative test scores. Additionally, the research outcomes can enrich the literature
by showcasing learners' interactions with the unique formative assessment design of the study and by
discussing parallels with distinct test-taking profiles evident within only a limited body of work.
Therefore, researchers and practitioners should be able to recognize the profile of Cluster 1 as a
behavioral model that necessitates instituting precautions with high-risk assessments or as a trial-and-
error behavioral model where interventions within the assessment design have the potential to enhance
learning performance. Conversely, the profile of Cluster 2 can be appraised as students’ being self-
directed learners capable of overseeing their own learning progress. Thus, to incentivize these learners
to attain a higher level of performance, assessment designs featuring progressively more challenging
guestions for each attempt can be implemented. On the other hand, in the literature, the Cluster 3 profile
can be assessed as learners at risk of dropping out and awaiting solutions. As a result, to mitigate drop-
out occurrences and increase engagement within the learning process, interventions such as support for
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countering demotivation, provision of diverse tasks, and adaptation of assessment and content should
be employed among students in this profile.

One of the limitations of the current study, in regard to generalizability, was the small sample size.
Features of clusters should be compared with research results from large-scale samples, along with also
confirming the comparison of summative assessment performance among clusters. Another limitation
was related to the features used in clustering. In particular, by deepening the time metrics (response time
for each question), clusters with divergent test-taking profiles can be obtained within the formative
assessment. In the current study, students were encouraged through the formative test to increase their
efforts toward learning. This may be due to the formative assessment being structured in a way that
creates equivalent exams for students regarding each subject it covers. However, although it cannot be
guaranteed that students take exams of equal difficulty in each attempt, validity and reliability concerns
of the formative tests can be mitigated due to the random selection of questions.

Finally, in future studies, students within at-risk groups should be identified, and appropriate
interventions should be applied to assist them. As a result, students can behave similarly to the successful
students found in other clusters, and the contribution of these interventions can lead to further
investigations. Additionally, more advanced metrics can be revealed for formative assessments held in
the Moodle learning management system. Thus, due to these metrics, more detailed information can be
obtained, especially in regard to the student test-taking strategies found in Clusters 1 and 2.
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