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Abstract
Peer assessment plays an important part in education, fostering involvement and 
critical thinking skills for the students, while reducing the grading workload for 
the teacher. However, research on review allocation mechanisms in the context of 
peer assessment is relatively scarce in the literature. Although the first electronic 
peer assessment systems emerged over two decades ago, the matching of the solu-
tions to reviewers has been done predominantly statically and randomly. The cur-
rent paper proposes an innovative dynamic review allocation mechanism with 
extra bidding that attempts to solve some of the issues exhibited by the static and 
random approaches. The new method splits the review period in two stages: a first 
review phase, where students have to submit required assessments, and an extra 
review phase, where students can offer bidding points to perform additional optional 
reviews. The mechanism was integrated as part of our LearnEval peer assessment 
platform. We employed the approach in the context of a computer science course. 
A comparison of the proposed mechanism with a static review allocation approach 
applied in the previous year shows increased fairness. Furthermore, the results from 
a dedicated simulation module for emulating the novel review allocation mechanism 
attest the scalability of the approach.
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1 Introduction

Peer review, also known as peer assessment, represents the process through which 
learners assess the quality of the work submitted by peers with the same level of 
knowledge (Topping, 1998). The field is a well-known research topic that has gained 
the attention of many academics in the recent decades (Estévez-Ayres et al., 2013; 
Giannoukos et  al., 2010; Verleger et  al., 2010). Initially, the activity was applied 
mainly in physical classrooms, where a relatively low number of students were 
enrolled. Nowadays, it is applied in classes of any size. Furthermore, it has become 
increasingly common to be employed in MOOCs (Massive Open Online Courses) 
with many learners registered (Gamage et al., 2021). On the other hand, the method 
constitutes a viable solution in grading complex and subjective assignments where it 
would be difficult to apply automatic machine grading.

The peer assessment activity offers many advantages for both learners and teach-
ers, such as: encourages reflection and metacognition, fosters critical-thinking skills 
(Politz et al., 2014), allows peers to spend more time on the task and receive more 
and faster feedback (Mader & Bry, 2019), and improves the quality of learning for 
both the reviewer and the reviewee (Topping, 2009; Murakami et al., 2012). In addi-
tion, peer assessment can be used by the instructor in several ways to improve the 
educational process: to peer-moderate the grades assigned by the students in group 
projects where it is difficult to know the individual contribution of each member 
(Loddington et  al., 2009; Sukstrienwong, 2017), to reduce the grading workload 
(Rubin & Turner, 2012), and to allow the instructor to focus more on the students 
that need their attention (Mader & Bry, 2019). A reliable peer assessment process 
can be achieved only by considering the various facets of the activity, such as: qual-
ity of the feedback provided by learners, accuracy of the assigned grades, fairness 
of the approach used for allocating the submitted solutions to reviewers, relevance 
of the review criteria, or learners’ confidence in the process. In the literature many 
papers have focused on and have examined the various actors, mechanisms and fac-
ets of the process, however, relatively little attention has been dedicated to the mech-
anisms employed for allocating the submitted solutions to assessors1 (Abrache et al., 
2021; Crespo García et al., 2005; Gehringer & Cui, 2002; Staubitz et al., 2016; Ver-
leger et al., 2010).

More than two decades ago, before the advent of electronic peer reviewing, the 
allotment of deliverables was done manually by the instructor in the classroom. 
However, the task was very time-consuming and cumbersome, even when few 
students were enrolled. Furthermore, it was even more intricate to personalize the 
activity, such as, make it anonymous or allocate the submissions based on particular 
traits of the peers (e.g., high quality submissions to novice reviewers). The activ-
ity was not scalable, thus, in classes with high enrollment levels it was not prac-
tical to apply it (Crespo et  al., 2005). The advent of web platforms dedicated for 
peer assessment (Davies, 2000; Lin et al., 2001; Freeman & McKenzie, 2002) has 

1 Students’ work submitted for peer assessment can be referred to as deliverable, submission or solution 
and these terms are used interchangeably in this paper.
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resulted in the automation of a part of the common redundant tasks. Representative 
automatized tasks include: the delivery of solutions, provision of reviews, assign-
ment of grades, or generation of reports and statistics. Furthermore, the allocation of 
the submissions to evaluators was no longer done manually, but instead it started to 
be performed by the system. The time allotted by the instructor for the activity was 
considerably reduced and the scalability of the procedure increased (Davies, 2000).

The reviewer assignment strategy plays a crucial role on the attitudes of review-
ers, authors, review efficiency and quality (Wang & Sun, 2018). The strategy affects 
not only learners’ satisfaction, but also the educational equality (Wang et al., 2018). 
However, for a long period, most of the systems have employed a simple, static 
assignment technique where each deliverable is allocated randomly to assessors 
(Abrache et al., 2021). Static refers to the approach in which the solutions are allo-
cated only once, at the beginning of the reviewing phase. This implies several nega-
tive consequences on the fairness and equity of the assessment process. In case a 
student drops out of a course or does not provide the assigned reviews on time, a 
part of the solutions may be left with very few or even no evaluations at all. In prac-
tice, this approach results in some deliverables receiving many evaluations, whereas 
others very few or none. Furthermore, in case no constraints exist on the alloca-
tion, unfair and undesirable assignments can emerge, such as a novice reviewer to 
assess a low quality submission, and thus, no gain would be obtained by either of the 
actors.

To date a few papers have focused on finding and proposing new alternatives to 
the random, static allocation of the submissions (Abrache et al., 2021; Estévez-Ayres 
et al., 2013; Staubitz et al., 2016). The most practical, fair and unbiased alternative 
to the static assignment represents the dynamic allocation (Gehringer & Cui, 2002; 
Staubitz et  al., 2016). In this approach a submission is not allocated to an asses-
sor beforehand, but only in the moment when the student requests to review it, thus 
reducing the risk of not submitting the review on time.

In this paper we propose a novel review allocation mechanism that assigns 
dynamically, at student’s request, solutions to assess, and attempts to counteract the 
flaws existing in the static approaches. Furthermore, the mechanism entails an extra 
review phase where peers can bid points to evaluate additional solutions. The paper 
addresses the following objectives: 1) introduce the new dynamic review alloca-
tion mechanism with extra bidding; 2) compare the proposed mechanism’s alloca-
tion results with the ones from a static review allocation approach; 3) assess the 
outcomes of the proposed mechanism; 4) examine students’ opinion regarding the 
review allocation; 5) showcase and run a highly configurable simulation module that 
emulates the behavior of the proposed mechanism. The new mechanism was devel-
oped and integrated in our LearnEval peer assessment platform (Badea & Popescu, 
2019a, b, 2022).

The paper is structured as follows: Section  2 surveys related work regarding 
different classifications of review allocation mechanisms, as well as various com-
plex approaches; Section  3 describes several static review allocation approaches 
employed by our peer assessment platform and introduces the new dynamic review 
allocation mechanism with extra bidding; Section 4 depicts a practical application 
of the proposed mechanism, compares the outcomes with the ones obtained from 
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a static allocation, and examines students’ perception regarding the new approach; 
Section  5 introduces a simulation module developed to assess the applicability 
and scalability of the proposed mechanism, and displays the results of an experi-
ment ran with various configuration parameters values; Section  6 discusses the 
results obtained, draws some conclusions, and presents limitations and future work 
directions for improving the reliability of the mechanism and the peer assessment 
process.

2  Related work

In the following, we present the current state of the literature by surveying differ-
ent classifications of review allocation mechanisms, followed by several complex 
approaches and the various features, advantages and challenges they exhibit.

2.1  Classification of review allocation mechanisms

Gehringer (2001) discusses, in an early review study which classifies the strategies 
employed for matching assessors to submissions, methods for increasing feedback 
quality and for preventing the clustering of grades offered by the students around 
the mean. Various review allocation approaches are identified, such as: randomly, 
pseudo-randomly, self-selection by the assessors, strategies employed when work-
ing in groups, strategies employed when developing projects, and strategies for team 
peer assessment (i.e., students assess the work of their team members so that the 
instructor can consider the relative contribution of each member and assign a grade 
according to it). The author suggests that a peer assessment software should sup-
port the majority of the discussed techniques as each review allocation mechanism 
is appropriate for a given setting.

Wang and Sun (2018) proposed a taxonomy of the reviewer assignment strategies 
describing stability, anonymity, review author ratio, and assigner aspects. In terms 
of stability, the strategy can be fixed or random. In the fixed approach, the same 
reviewers are assigned to the same authors the entire semester and the actors can 
collaborate and work together to finalize the task. On the other hand, in the ran-
dom scenario, different reviewers are assigned in distinct peer assessment sessions 
allowing actors to learn more by viewing more diverse writing styles and review 
perspectives. In terms of anonymity, the matching can be double-blind, or single-
blind, when the identity of one of the actors is disclosed to the other. In terms of 
reviewer author ratio, four possible ways exist: one evaluator to one author, multiple 
evaluators to one author, one evaluator to multiple authors, and multiple evaluators 
to multiple authors. The paper recommends one should consider the student’s work-
load and process reliability when choosing the strategy. In terms of assigner, it can 
be the student, the teacher, or the system. The work concludes there is no optimal 
assignment strategy that fits all the conditions, and the strategy should be selected 
based on the context.
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Four reviewer assignment approaches and the consequences and inequalities they 
exhibit are presented in Wang et al. (2018). The strategies are based on the review 
competence difference between the reviewer and the reviewee: {high, low} when 
highly skilled peers are assigned to low competence students; {low, high} when 
low competence peers are assigned to highly skilled students allowing evaluators to 
learn from the reviewed solutions; {high, high} when high competence students are 
assigned to highly skilled students, fostering knowledge sharing and learners’ satis-
faction; {low, low} which is a consequence of the {high, high} assignment as there 
are not enough high competence students remaining. In the last approach the low 
skilled students might feel discriminated. The outcomes show that inequality hap-
pens when there is little competence difference between the two peers assigned as a 
review pair, such as the patterns {high, high} and {low, low}.

Different ways have been used to classify the review allocation approaches con-
sidering aspects, such as: feedback quality (Gehringer, 2001), reviewers’ compe-
tence, actors’ anonymity, assigner, stability, reviewer author ratio (Wang and Sun, 
2018), or review competence difference between the reviewer and the reviewee 
(Wang et al., 2018). However, as can be seen, most review allocation approaches pre-
sented in these taxonomies are simple, static, or random; there are also a few excep-
tions of more complex approaches, which we survey in the following subsection.

2.2  Complex review allocation mechanisms

Staubitz et  al. (2016) and Estévez-Ayres et  al. (2013) present two interesting 
dynamic review allocation mechanisms that allocate the submissions to peers on 
demand. In both works, in case the student does not submit the review on time, the 
system reallocates the submission to another peer. In Staubitz et al. (2016) each sub-
mission is assigned a priority to provide a fair distribution of the reviews and to 
avoid the case when multiple students review simultaneously the same deliverable. 
The priority is computed based on the remaining number of required reviews to be 
submitted for the solution. The deliverables with the highest priority, that still need 
evaluations, are allotted first. Furthermore, when a student provides an assessment, 
their submission priority is increased, fostering more active reviewers to get more 
evaluations than the students who evaluate less. However, the literature reports that 
skilled students usually write more reviews than the rest, thus this approach might 
result in competent students receiving more evaluations, at the harm of the weaker 
peers. Similarly, Estévez-Ayres et al. (2013) present two review allocation mecha-
nisms whose main roles are to reduce students’ frustration by decreasing the number 
of committed learners that do not receive assessments from their peers. The algo-
rithms set a specific deadline for each review relative to the moment it was assigned 
to the student, instead of setting a global review deadline. The main novelty of the 
approaches is that peers can start the assessment process earlier, once they have 
submitted a solution. Once the student decides to move to the next phase, N sub-
missions are assigned to them and a sliding deadline (similar for all students) is set 
to submit the assessments. The student can request additional reviews (only once) 
after providing the mandatory ones, but now the deadline will be the global review 
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deadline. A comparison of the two algorithms with a baseline allocation approach, 
via simulation, showed that both algorithms substantially minimized the number of 
committed students that do not receive any reviews. However, the baseline method 
does not penalize the peers who do not provide the assessments.

Another approach is to model the learner based on their assessment skills and 
construct their profile before allocating the submissions, as in the works of Abrache 
et al. (2021), Crespo et al. (2005), or Giannoukos et al. (2010). Abrache et al. (2021) 
for example model the process of allocating the submissions to reviewers as a Many 
to Many Assignment Problem (MMAP). Two steps are required for modelling the 
allocation process: firstly, peer modeling as a reviewer based on descriptive fea-
tures and calculation of their review competence, and secondly, creation of clusters 
of peers representing various levels of review competence. The review categories 
of the assessors are weighted when computing the grade to be assigned for a sub-
mission. The number of evaluations per submission was set to four to not overload 
the reviewers, thus, each student had to perform between one and six assessments 
depending on their review category. Crespo et  al. (2005) also present an effective 
and generic mechanism for matching solutions to reviewers for tailoring the peer 
assessment process based on learners’ needs and traits. The mechanism can be 
applied to team-based projects and it is not limited to educational settings. Each 
peer is depicted as a profile based on their characteristics and pairs are generated 
according to different pedagogical criteria specified by the instructor. The review 
allocation task is depicted as an optimization problem to find a solution that meets 
a set of criteria. The approach was trialed in a computer engineering course and the 
students’ scores were used to construct the profiles. Each submission was assigned 
to three assessors: a reviewer with a profile complementary with the author, a highly 
skilled reviewer, and a reviewer with a profile similar to the author. The three assess-
ments are weighted when computing the grade for a submission. Learners’ opinions 
about the process, gathered by means of surveys and informal talks, were overall 
positive. By contrast, Giannoukos et al. (2010) employ feed forward neural networks 
to determine the best assessor for a given author. Machine learning techniques are 
used to construct reviewer profiles based on past review data and the helpfulness 
assigned by the authors to the reviewer comments. The algorithm makes the assess-
ment process more efficient by determining the reviewer that would offer the most 
useful evaluation for an author. Two types of profiles are created for each student: 
a profile as reviewer, and a profile as author. Initially, the mapping between evalu-
ators and authors is performed randomly. At the end of the first reviewing phase, 
the authors rate the usefulness of the comments received and the algorithm con-
structs a list of optimal reviewers for each author based on the perceived helpfulness 
the authors would probably receive by assigning them. The preliminary results are 
promising as the neural network achieved over 72% accuracy in predicting the three 
to five most optimal assessors for an author.

Additional approaches for review allocation are applied in Verleger et al. (2010) 
and Gamage et  al. (2017). In Verleger et  al. (2010) an algorithmic assignment 
method matched the highly skilled reviewers with teams requiring more support, 
and less skilled assessors with teams needing less support. The aim of the algo-
rithm was to make the allocation more helpful for the reviewed students compared 
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to a random assignment mechanism. At the first step, the approach assigns to each 
team a highly skilled reviewer. Next, the remaining assessors are evenly allocated 
between the teams, however, to the teams in need are assigned highly skilled review-
ers and to the rest of the teams are assigned low skilled evaluators. The approach 
attempts to offer the best support for the teams in need without penalizing too much 
the rest. The outcomes show that the simple assignment mechanism still represents 
the easiest and fairest method for matching as although it does not guarantee every 
team will receive a highly skilled reviewer, it does not have a clear bias for some 
of the teams to not receive one. By contrast, Gamage et  al. (2017) present a peer 
assessment framework where reviewers and solution authors know the identities of 
each other and can communicate directly. The authors state that disclosing identi-
ties could make peers to be more accountable and offer more consideration when 
reviewing, increasing the overall feedback quality. Similar with Giannoukos et  al. 
(2010), the proposed framework allows authors to rate the feedback received based 
on helpfulness and at the beginning of the assessment process every peer was treated 
equally and the allocation was done randomly. The algorithm assigned students 
who provided high quality feedback to reviewers who also provided helpful feed-
back, stimulating peers to offer good reviews. However, in some cases a reviewer 
had to wait until an assessor with a corresponding feedback usefulness was found. 
The grades received were available only after the student submitted all the reviews 
to mitigate grade inflation. The student had a time frame to submit the review and 
rate the feedback received. The outcomes show that students communicate more and 
the feedback is more relevant when the peer assessment process is not double-blind.

The complex mechanisms reported above represent a powerful solution and 
alternative to the static and random allocation commonly applied in the peer assess-
ment activity. However, the proposed mechanisms also have some limitations, such 
as: the assessment skills of the reviewers are not considered, thus only unskilled 
assessors might be assigned to some solutions (Staubitz et al., 2016; Estévez-Ayres 
et al., 2013); if some evaluations are not submitted, then some solutions might be 
left without any reviews (Abrache et al., 2021; Crespo et al., 2005); the number of 
reviews different students performed varied to a large extent (Abrache et al., 2021); a 
student offering low quality feedback may be assessed by a similar student (Gamage 
et al., 2017); no improvements are found compared to a random allocation approach 
(Verleger et al., 2010); important delays exist in some cases in the assignment pro-
cess (Gamage et  al., 2017). Furthermore, some papers present only preliminary 
experimental results (Giannoukos et al., 2010) or are not tested in real settings at all 
(Estévez-Ayres et al., 2013).

Moreover, very few papers focused on the student’s motivation to perform 
reviews and even fewer focused on the student’s incentive to submit extra reviews. 
The current paper proposes a novel dynamic review allocation mechanism with extra 
bidding that attempts to solve important issues pertaining to the current approaches, 
such as unfair allocation of the reviewers, low involvement, or unequal number of 
evaluations submitted for different solutions. The presented approach entails an 
extra review phase where students can provide additional evaluations. A new con-
cept, bidding points, is introduced to stimulate peers to get more involved in the 
reviewing process. Firstly, the students gain bidding points by submitting reviews 
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and back-reviews. Subsequently, these points can be used to request extra reviews. 
The additional assessments allow faster gathering of points, motivating students to 
review more.

3  LearnEval review allocation mechanisms

In this section we showcase the various review allocation mechanisms supported by 
our peer assessment platform, called LearnEval (Badea & Popescu, 2019a, b, 2022) 
and we report on the applicability and suitability of each allocation mechanism.

3.1  LearnEval system overview

LearnEval is a highly configurable peer assessment platform that allows instructors 
to easily tailor the assessment workflow based on the specific requirements and con-
text of the course (Badea & Popescu, 2019b, 2022). The core modules that enhance 
the teacher experience include:

• Assignments - where the instructor can create the assignments for the course and 
set various properties, such as: specifications, submission or review deadline, 
review criteria

• Calibration - where the instructor can define calibration assignments for the stu-
dents to practice their assessment skills

• Settings - where the instructor can configure various aspects of the assessment 
process, such as: anonymity of the reviewers, anonymity of the solution authors, 
define the weights of the metrics used for computing personal scores, or the 
mechanism employed for allocating the submissions to reviewers

• Statistics - where the instructor can visualize, inspect and analyze various aspects 
related to the peer assessment activity at different granularity levels

• Scores - where the instructor can view the personal scores of each student
• Notifications - where the instructor can view the notifications automatically sent 

by the system when various actions of interest occur.

In addition, the student area (Badea & Popescu, 2019a, 2022) also provides a 
wide range of modules, such as:

• Assignments - where the student can view information about the assignments and 
submit solutions

• Calibration - where the student can practice, test and improve their assessment 
skills before assessing actual peers’ work

• Review solutions - where the student can review peers’ submissions
• My solutions - where the student can access their submitted solutions
• My reviews - where the student can access their submitted reviews, but also the 

reviews submitted by other peers for the solutions they reviewed
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• Statistics - where the student can visualize, inspect and analyze various aspects 
related to their peer assessment activity

• Scores - where the student can view their personal scores; furthermore, an open 
learner model visualization is available (Badea & Popescu, 2020a)

• Notifications - where the student can view the notifications automatically sent by 
the system when various actions of interest occur.

LearnEval has already been applied for several years at the University of Craiova, 
Romania, in the context of computer science courses and project-based learning 
(PBL) scenarios (Badea & Popescu, 2019c, 2020b, c, 2022). For the first two years, 
we employed a static review allocation mechanism that automatically assigns the 
student deliverables to assessors once the submission deadline is reached. How-
ever, given the multiple issues found during the static allocation, the platform was 
extended and a new dynamic review allocation mechanism was integrated.

Indeed, a powerful and robust peer assessment platform should support multiple 
review allocation approaches and let the instructor select the mechanism according 
to the specific requirements and the context of the course. LearnEval is very com-
prehensive and supports a wide range of review allocation mechanisms, as described 
next: Manual by the student, Manual by the teacher, Random by the system, Auto-
matic based on three categories of reviewers (low, medium and high review skills), 
Automatic based on N categories of reviewers (according to the number of reviews 
per solution), and Dynamic review allocation with extra bidding.

3.2  Initial review allocation approaches

The static review allocation approaches assign the submissions to the evaluators 
only a single time, once the submission deadline is reached. In a typical static review 
allocation approach, a peer assessment session comprises the following phases:

1. The teacher creates the assignment and sets the submission and review deadline
2. The students submit solutions until the submission deadline is reached
3. The submissions are allocated to assessors based on the review allocation mecha-

nism selected by the instructor
4. The students provide the assigned reviews until the review deadline is reached
5. Each submission is assigned a grade based on the evaluations received.

In the following we describe the static review allocation mechanisms supported 
by the initial version of the LearnEval platform.

3.2.1  Manual by the student approach

The instructor specifies the number of assessments each submission must receive 
and according to the value, the system computes the minimum and the maximum 
limit of reviews each student is required to perform for the current assignment:
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, where: minimumRequiredReviews represents the minimum number of evalu-
ations the student should perform, solutionsSubmitted represents the number of 
solutions submitted for the current assignment, reviewsPerSubmission represents 
the number of assessments each submission must receive, and studentsEnrolled 
represents the number of students enrolled in the course.

, where: maximumRequiredReviews represents the maximum number of evalu-
ations the student could perform.

Note that only a part or even none of the students can perform maximumRe-
quiredReviews evaluations to not exceed the required number of assessments per 
submission. The mechanism allows students to self-select the submissions they 
wish to review. By default, the available information about a submission includes 
the link where it can be downloaded and the review deadline. The instructor can 
further configure the solution’s author name to be visible. However, this approach 
is not recommended as it can open ways for bias such as students selecting only 
submissions from a few preferred peers. In the pool of submissions to select are 
displayed only the submissions that have not been assigned to the required num-
ber of assessors yet.

3.2.2  Manual by the teacher approach

The instructor specifies the number of assessments each submission must receive. 
This mechanism allows the instructor to map the submissions to reviewers in an easy 
and intuitive manner (see Fig. 1). The page draws a row for each submission con-
taining a link where it can be downloaded and a list of cells with possible reviewers. 
The peers that are currently assigned as reviewers for a given solution have a grey 
background cell color. The instructor clicks the student’s name in the correspond-
ing row to assign a particular student to a submission. In case the required num-
ber of reviewers assigned to a submission was met, the background color turns to 
green (see the first solution in Fig. 1), otherwise it is depicted in red. Several metrics 
are displayed for each reviewer to ease the instructor’s work in mapping assessors: 
number of assigned solutions to review for the current assignment, total number of 
assigned solutions to review, and total number of submitted reviews for the current 
course. Furthermore, the metrics’ values are displayed in various colors to indicate 
if some conditions are met (e.g., total number of submitted reviews is displayed in 
red if it is above the class average). The approach is not very scalable and it is rec-
ommended in classes with a relatively low number of students enrolled. Therefore, 
in courses with high enrollment rate and many assignments, the workload can be 
very difficult to handle by the instructor. Furthermore, the instructor must know the 
competence and assessment skills of the students for a fair assignment and to maxi-
mize the reliability of the process.

minimumRequiredReviews = floor
(

solutionsSubmitted ∗ reviewsPerSubmission

studentsEnrolled

)

maximumRequiredReviews = minimumRequiredReviews + 1
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3.2.3  Random by the system approach

In this case, the submissions are automatically allocated to the number of reviewers 
specified by the instructor once the submission deadline is reached. In the alloca-
tion process, priority is given to the peers with the lowest number of assessments 
assigned in the past and, in case several students have the same amount, priority is 
given to the ones that have submitted a solution for the current assignment. The allo-
cation can be unfair as a student with low review competence could be assigned to 
a low quality submission, resulting in little gain for both the reviewer and the author 
of the solution. As reported in the literature, this type of allocation has been exten-
sively applied in many peer assessment systems.

3.2.4  Automatic based on three categories of reviewers approach

Again, the submissions are automatically allocated to the number of reviewers 
specified by the instructor once the submission deadline is reached. However, the 
reviewers are split in three distinct categories according to their review competence: 
students with high reviewing skills (HRS), students with medium reviewing skills 
(MRS) and students with low reviewing skills (LRS).

In general, the number of evaluators to assign from a category is computed as 
follows:

reviewersToAssignFromCategoryreviewCategory = reviewersToAssign∕3

Fig. 1  LearnEval "Manual by the teacher" allocation mechanism - Assign reviewers to submissions page
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, where: reviewersToAssignFromCategoryreviewCategory represents the number of 
reviewers to assign from category reviewCategory and reviewersToAssign repre-
sents the total number of assessors necessary to assign to the solution.

Nonetheless, two distinctive cases need to be considered:

– case I: reviewersToAssign mod 3 = 1 ➔ an extra reviewer is assigned, i.e., the 
student with the lowest number of submissions assigned to review until the pre-
sent from the review category with the lowest total number of submissions allo-
cated until the present

– case II: reviewersToAssign mod 3 = 2 ➔ two extra reviewers are assigned, i.e., 
the two students with the lowest number of submissions assigned to review until 
the present from the review categories with the lowest total number of submis-
sions allocated until the present.

In the following we detail the assignment process. The first step in the allocation 
process represents the categorization of the students based on their reviewing skills. 
LearnEval computes for each student a Reviewing Score according to their assess-
ment skills. Reviewing Score depends on several metrics, such as: average of the 
back-reviews received from the peers, average of the back-reviews received from the 
teacher, agreement between the grades assigned by the student and the final grades 
assigned to the submissions reviewed, and a calibration score. A back-review repre-
sents an evaluation that a solution author can perform on a received review. The cal-
ibration score depicts student’s assessment skills before the actual reviewing process 
starts. Next, the students are ordered descending based on their Reviewing Score and 
are allocated to the review categories: the first third are allotted to HRS, the second 
third are allotted to MRS, and the remaining ones are allotted to LRS.

Once the submission deadline is reached, the next step represents the allocation 
of the submitted solutions to reviewers. LearnEval allows the instructor to configure 
the number of reviewers per submission. In the context of our studies, the solutions 
were allotted to three evaluators, one from each review category, to achieve a fair 
process. The algorithm selects from each category the student with the lowest num-
ber of assigned reviews until the present, thus, in the end, each peer has relatively 
the same number of assigned solutions to review. Hence, the maximum difference 
between the highest and lowest number of assigned reviews a peer can have is one. 
However, in practice this allocation approach poses several problems that make it 
unfair for some of the participants. In an ideal unfolding, where all or most of the 
peers submit the assigned reviews, each solution receives the required evaluations, 
and implicitly, the authors receive sufficient feedback regarding their work. How-
ever, in real settings, the actual involvement of the reviewers varies, and thus, some 
of the submissions receive all the three required reviews, while others receive only 
one or even no reviews.

We employed this initial allocation mechanism in 2018-2019 and 2019-2020 aca-
demic years in the context of several computer science courses (Badea & Popescu, 
2019c, 2020b, c, 2022). The issues related to the static allocation were especially 
visible in the Web Applications Design course (Badea & Popescu, 2020b) where the 
peer assessment activity was optional and in the last assignments very few students 
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decided to perform the assigned reviews resulting in many submissions with no 
evaluation.

3.2.5  Automatic based on N categories of reviewers approach

This mechanism is similar with the one presented previously. The submissions are 
automatically allocated to the number of reviewers specified by the instructor once 
the submission deadline is reached. In this approach the reviewers are split in N cat-
egories (instead of three: HRS, MRS, LRS) based on their assessment skills. The 
mechanism assigns from each review category the student with the lowest number 
of assigned reviews until the present.

3.3  Dynamic review allocation with extra bidding

The latest version of LearnEval includes the new dynamic review allocation mech-
anism with extra bidding. As opposed to the static review mechanisms presented 
above, where the assignment is done only once, at the beginning of the reviewing 
phase, a dynamic allocation mechanism implies that the assignment is updated 
throughout the session, based on students’ requests. This feature allows to rebalance 
the number of reviews per solution on the fly as the current allocation state is taken 
into consideration.

The review period is split into two phases: a mandatory first review phase, and an 
optional extra review phase (see Fig. 2).

In the first review phase the students are required to submit reviews to increase 
their involvement and reviewing score, whereas the extra review phase builds on the 
students’ motivation, desire and availability to request and perform additional evalu-
ations, apart from the required ones. At the core of the review allocation mechanism 
are the bidding points. They introduce an aspect of gamification (Deterding et al., 
2011; Tenório et al., 2016) representing an incentive for the students to get involved 
and contribute more to the assessment process, and even perform extra evaluations. 

Fig. 2  Workflow of the new dynamic review allocation mechanism with extra bidding
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In our case, the instructor used these bidding points to provide a bonus score at the 
end of the course for the highly engaged students. The points can be earned in three 
ways: by providing the mandatory reviews, by submitting extra reviews, or by offer-
ing back-reviews.

The bidding mechanism is highly configurable and can be easily personalized by 
the instructor. The following settings related to the new review allocation mecha-
nism, and implicitly, the bidding mechanism, can be configured:

– Bonus Review Bidding Points First Review Phase (BRBPFRP), specifies the 
amount of bidding points earned by the student by submitting a review in the first 
review phase. By default, the value is 100.

– Bonus Review Bidding Points Extra Review Phase (BRBPERP), specifies the 
amount of bidding points earned by the student by submitting a review in the 
extra review phase. By default, the value is 300. It is recommended that this 
value is higher than BRBPFRP.

– Points to Bid per Additional Review (PBAR), specifies the amount of bidding 
points necessary to be offered by the student in order to be assigned an extra 
review. By default, the value is 100. This value must be lower than BRBPERP.

– Maximum Allowed Additional Reviews to Bid for (MAARB), specifies the num-
ber of additional reviews the student can request in the extra review phase. By 
default, the value is 3. When setting this value, the instructor should seek a bal-
ance between the students’ workload and the reliability of the grade assigned to 
the submission.

– Hours Allowed to Review Solution Allocated (HARSA), specifies the number 
of hours the student has available to submit a review in the first review phase, 
before the submission returns to the allocation pool. By default, the value is 5.

– Bonus Bidding Points Back Review (BBPBR), specifies the amount of bidding 
points earned by the student by submitting a back-review. By default, the value is 
50. It is recommended that this value is lower than BRBPFRP.

3.3.1  First review phase

An essential feature of the first review phase is its dynamic character that counter-
acts some of the important issues found with the static approach. This method allows 
for all the submissions to receive relatively the same number of submitted reviews 
at the end of the assessment activity (the maximum difference between the most and 
the least reviewed solution can be one). The submissions are not allotted statically 
(only once, when the submission deadline is reached), but at the reviewer’s request. 
The learner must submit the number of required reviews specified by the instructor 
to increase their involvement score. Therefore, the number of assessments a student 
can perform is not dependent anymore on the number of submitted solutions, as was 
the case in the previously presented static approaches. Every student can perform 
three reviews (or the number of required reviews defined by the instructor) and each 
submission will receive at least three evaluations. By contrast, in the static approach, 
if the submission rate is low, each student is assigned a relatively low number of 
reviews to perform.
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Once the submission deadline is reached, the student enters the Review Solutions 
module (Fig. 3) and various information regarding the review activity is available, 
such as: number of evaluations required to submit, number of evaluations already 
submitted, time available to submit an assigned review, deadlines for both review 
phases, and detailed information about the bidding process. The student can request 
a deliverable to review by pressing the Assign Review button.

The selection of the submission to assess, in order to allow a fair distribution of 
the reviewers, involves the following steps:

1. Compute X - the lowest number of submitted reviews a deliverable currently has
2. Retrieve all the deliverables with X submitted reviews
3. Select from the previous list the deliverable with the lowest number of submitted 

reviews from the category of the current reviewer

The second major feature of the allocation mechanism is represented by the 
review expiration time. A similar approach can be found in the solution proposed by 
Staubitz et al. (2016). The reviewer has a limited time window to submit the review 
assigned to them; this period can be configured by the instructor, with the default 
value being 5 hours. The deliverable is returned to the allocation pool in case the 
student does not submit the review before the expiration deadline. This allows the 
system to subsequently allocate the submission to another student, avoiding the case 
when the deliverable could be left without any assessments. Finally, when a review 
is submitted, the reviewer is rewarded with BRBPFRP bidding points and the num-
ber of submitted evaluations for the assessed deliverable is increased by one.

3.3.2  Extra review phase

The extra review phase is an optional stage that allows students to perform addi-
tional evaluations. It tries to solve various cases that happen in practice with stu-
dents: they did not have time to perform the mandatory reviews and wish to recoup, 
they want to gain more reviewing experience, they wish to view more of their col-
leagues’ solutions, or they want to provide more help to their peers.

This phase starts once the deadline for the first review phase is reached. Again, 
the student must enter the Review Solutions module to take part in the review 

Fig. 3  LearnEval mandatory review phase - Assign review (left) & Review assigned (right)
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activity (Fig. 4). The page is to a large extent similar with the previous phase, with 
a few changes. In the lower part of the page the student can select the number of 
extra submissions they wish to review. The upper limit of extra reviews a student can 
request is 3 by default, but it can be configured by the instructor. The student must 
offer PBAR bidding points for each additional extra assigned review. Therefore, the 
student must have the necessary bidding points when requesting extra reviews, oth-
erwise a notification is displayed informing the student about the maximum limit of 
extra evaluations that can be requested. The allocation of the submissions to review-
ers is performed in a similar way to the first review phase, i.e., taking into considera-
tion the number of submitted reviews for the deliverable and the review category of 
the requester. The student receives as a reward BRBPERP bidding points for each 
extra assessment performed. On the other hand, to encourage the submission of the 
review, in case it is not performed before the deadline, the offered bidding points 
(PBAR) are lost. In this stage, the only time limit to submit the assessment is the 
extra review phase deadline.

Several core features of this phase increase the reliability of the peer assessment 
process. The confidence in the final grades assigned to the solutions raises as the 
number of assessments submitted for the solutions increases. The bidding points are 
helpful in two ways: to stimulate the students to perform additional reviews, and to 
allow the instructor to employ them in different ways (e.g., as bonus score for the 
final grade). However, as participation to this phase is optional, the amount of bid-
ding points gathered and the number of extra assessments performed by the student 
do not affect their involvement score.

Figure 5 illustrates the Settings module where the instructor can select the review 
allocation mechanism and configure the various parameters related to it (default val-
ues are provided for each parameter).

A comparison between the initial (static) review allocation approaches presented 
in section 3.2 and the new (dynamic) review allocation approach introduced in this 
section is included in Table 1.

Fig. 4  LearnEval extra review phase - Assign additional reviews (left) & Reviews assigned (right)



1 3

Education and Information Technologies 

4  Practical application of the review allocation mechanism

4.1  Course context

The new review allocation mechanism was employed in the context of a Multime-
dia Technologies in E-Learning (MTEL) course, involving  4th year students from 
University of Craiova, Romania, in the first semester of the 2020-2021 academic 
year. 40 students were registered in the LearnEval peer assessment platform, 
together with one instructor. The platform was also applied in the previous deliv-
ery of the course, in 2019-2020 academic year, but employing the static review 
allocation mechanism, Automatic based on three categories of reviewers (pre-
sented in section  3.2.4). Students’ informed consent regarding data collection, 
usage and processing was obtained when they registered in the LearnEval plat-
form, according to ethical guidelines in research (Muravyeva et  al., 2020). The 
course followed a PBL approach where each student had to individually develop 
a project. The requirements of the project were the same in both editions of the 
course: the learners had to build a website presenting an Informatics lesson, as 
well as include multimedia content, such as images, video, audio, animations or 

Fig. 5  LearnEval settings module (teacher area)
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educational games. The first assignment demanded learners to provide the layout 
of the website and the navigational structure, the second assignment demanded 
learners to code the algorithm behind the lesson and include multimedia material, 
whereas the last assignment demanded learners to incorporate educational games, 
animations and knowledge assessment surveys.

The peer assessment activity was mandatory and represented 30% of the final 
grade assigned to the project. Furthermore, the peer assessment settings were simi-
lar in both editions of the course. The students had to upload the project deliverables 
in LearnEval before each presentation and a dedicated peer assessment session was 
devised for each of the three assignments. The students could attend a calibration 
phase where they assessed two test solutions at the beginning of the semester, prior 
to the unfolding of the peer assessment activity. The review criteria were identical 
in all the sessions, being related to: implementation, functionality, and aesthetic and 
pedagogical quality. The first review phase lasted one week and required learners 
to submit three evaluations. The student had five hours to submit the review after 
requesting it, otherwise the deliverable would return to the allocation pool. The stu-
dents gained 100 bidding points for each assessment submitted in this phase. As 
the latest edition of the course employed the new review allocation mechanism, 
an extra review phase was held where the students could perform up to three addi-
tional assessments, over a period of one week. The students had to bid 100 points 
for each extra review assigned and gained in return 300 bidding points for each sub-
mitted assessment; furthermore, 50 bidding points were gained for each submitted 
back-review.

4.1.1  Overview of the students’ involvement

Table 2 summarizes the number of solutions and reviews provided by the students in 
2020-2021 academic year2. The number of solutions submitted by the students was 
high and relatively similar for all the three sessions. Furthermore, it can be noticed 
that the number of reviews provided by the learners was relatively constant, although 
in the  2nd assignment it was a bit lower; overall, a large number of the reviews were 
submitted (80%).

Table 3 depicts the number of reviews submitted in the first review phase com-
pared with the number of reviews submitted in the extra review phase. Interestingly, 
while the number of submitted mandatory reviews did not see an increase along the 

Table 2  Number of solutions and reviews submitted by the students in the first review phase

Assignment I Assignment II Assignment III Overall

Solutions submitted 36 (90%) 35 (88%) 37 (93%) 108 (90%)
Reviews submitted (first 

review phase)
88 (81%) 81 (77%) 90 (81%) 259 (80%)

2 Percentages are rounded to the nearest integer throughout the paper.
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sessions (recording a minimum in the  2nd assignment), the number of submitted 
extra reviews slightly increased session by session, and in the last assignment the 
share of extra reviews represented more than a third of the total number of reviews 
submitted by the students. These results unveil that an important portion of the stu-
dents wanted to provide additional reviews, on top of the required ones.

4.2  Results

4.2.1  Overview of the review allocation results from 2019‑2020 academic year

In what follows we start with presenting the results obtained in the previous year 
(Badea & Popescu, 2022), to provide a baseline for comparison in terms of review-
ing involvement and review allocation fairness. 29 students registered in Lear-
nEval, out of 30 learners enrolled in the course. Table 4 summarizes the number of 
reviews provided by the students in 2019-2020 academic year. It can be noticed that 
the number of reviews decreased over time. Overall, a relatively large share of the 
reviews were submitted (73%), but lower than the 2020-2021 academic year (80%).

Table 5 depicts the number of submissions that received one, two, and respec-
tively three reviews, in the peer assessment sessions. The high reviewing rate of the 

Table 3  Number of reviews submitted by the students in the first review phase (P1) and extra review 
phase (P2)

Assignment I Assignment II Assignment III Overall

Reviews P1 P2 Total P1 P2 Total P1 P2 Total P1 P2 Total

Count 88 37 125 81 38 119 90 46 136 259 121 380
% 70 30 100 68 32 100 66 34 100 68 32 100
P1/P2 2.38 2.13 1.96 2.14

Table 4  Number of reviews submitted by the students in 2019-2020

Assignment I Assignment II Assignment III Overall

Reviews submitted 47 (87%) 46 (70%) 40 (63%) 133 (73%)

Table 5  Number of submissions that received one, two, and respectively three reviews for each of the 
peer assessment sessions

Assignment I Assignment II Assignment III Overall

Solutions submitted 18 22 21 61
Solutions with 1 review 0 5 (23%) 5 (24%) 10 (16%)
Solutions with 2 reviews 7 (39%) 10 (45%) 13 (62%) 30 (49%)
Solutions with 3 reviews 11 (61%) 7 (32%) 3 (14%) 21 (34%)
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students during the  1st assignment meant that all the submissions received two or 
three assessments. However, the lower reviewing rates during the  2nd and  3rd assign-
ment (70% and 63% respectively) caused the share of solutions that received only 
one review to be relatively large (23% and 24% respectively). Therefore, a high vari-
ation can be noticed in the number of evaluations a submission received, especially 
in the  2nd assignment. Furthermore, this variation is highlighted by considering all 
the submissions together (see Overall column).

Table  6 illustrates the distribution of the number of reviews submitted by the 
students. The maximum number of assessments a student could submit was eight, 
although there were cases when the limit was seven (depending on the number of 
solutions submitted). The number of reviews provided by the learners varied con-
siderably. Four students (14%) did not submit any reviews, while two students (7%) 
submitted only one evaluation. However, around half of the students submitted six 
(24%) or seven (28%) reviews.

As can be seen, significant issues related to the static review allocation approach 
were encountered: non-uniform distribution of the number of reviews submitted 
per solution in the  2nd and  3rd assignment, many solutions received only one or two 
evaluations, and an important share of the students (38%) performed less than five 
reviews. Hence, the new review allocation mechanism attempts to solve these issues, 
as described next.

4.2.2  Overview of the review allocation results from 2020‑2021 academic year

In the next delivery of the MTEL course the number of registered students in Lear-
nEval was somewhat higher (40 learners), as the total number of students enrolled in 
the course was also higher (44 students). Table 7 depicts the number of submissions 
that received one, two, and respectively three reviews, after the first review phase in 
the peer assessment sessions. Noteworthy, the reviewing process was fair as all the 
submissions received two or three assessments, thus the difference between the most 
and the least reviewed solution was one.

Table 6  Distribution of the number of reviews submitted by the students

Number of reviews 0 1 2 3 4 5 6 7 8

Number of reviewers 4 (14%) 2 (7%) 2 (7%) 1 (3%) 2 (7%) 2 (7%) 7 (24%) 8 (28%) 1 (3%)

Table 7  Number of submissions that received one, two, and respectively three reviews for each of the 
peer assessment sessions after the first review phase

Assignment I Assignment II Assignment III Overall

Solutions submitted 36 35 37 108
Solutions with 1 review 0 0 0 0
Solutions with 2 reviews 20 (56%) 25 (71%) 21 (57%) 66 (61%)
Solutions with 3 reviews 16 (44%) 10 (29%) 16 (43%) 42 (39%)
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Table  8 summarizes the number of submissions that received two, three and 
respectively four reviews (no solution received less than two assessments), after 
the extra review phase in the peer assessment sessions. Noteworthy, all the sub-
missions received three or four assessments, with the exception of two solutions in 
the  1st assignment. This was due to the fact that a student did not submit the two 
assigned extra reviews, hence the submissions were left with only the two evalua-
tions received during the first review phase. Such cases when students request extra 
reviews but do not submit them are very rare, as can be noticed from the rest of 
the assignments where no such situations occurred. Furthermore, as an incentive to 
submit the assessments, the student loses the bidding points offered for the assigned 
extra reviews (in our context 100 bidding points for each extra review) in case they 
do not submit them.

Table  9 illustrates the distribution of the number of reviews submitted by the 
students in the mandatory review phase (second row). The maximum number of 
assessments a student could submit was nine. The number of reviews provided by 
the learners varied less compared with the previous year. More than half of the stu-
dents (60%) performed all the required assessments; however, there were still sev-
eral students who performed no reviews (7, or 18%). The last row of Table 9 depicts 
the distribution of the number of reviews submitted by the students in the extra 
review phase. The maximum number of extra assessments a student could request 
and submit was nine. Approximately half of the students decided to perform extra 
reviews (21, or 53%); this percentage is higher than the one reported in Kulkarni 
et al. (2015) where 23% of the students reviewed more than the required number of 
two submissions. Almost a third of the students (30%) submitted at least five extra 
reviews. Furthermore, a small part of the students performed all the possible extra 
assessments (7, or 18%).

Table  10 illustrates the distribution of the amount of bidding points gathered 
by the students at the end of the peer assessment activity. Almost two thirds of the 

Table 8  Number of submissions that received two, three and respectively four reviews for each of the 
peer assessment sessions after the extra review phase

Assignment I Assignment II Assignment III Overall

Solutions submitted 36 35 37 108
Solutions with 2 reviews 2 (6%) 0 0 2 (2%)
Solutions with 3 reviews 15 (43%) 22 (63%) 12 (32%) 49 (45%)
Solutions with 4 reviews 19 (53%) 13 (37%) 25 (68%) 57 (53%)

Table 9  Distribution of the 
number of reviews submitted by 
the students in the mandatory 
review phase and extra review 
phase

Number of reviews 0 1-4 5-8 9

Number of reviewers 
(mandatory review 
phase)

7 (18%) 4 (10%) 5 (13%) 24 (60%)

Number of reviewers
(extra review phase)

19 (48%) 9 (23%) 5 (13%) 7 (18%)
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students (25, or 63%) acquired more than 900 points, the amount of bidding points 
gathered in case all the required nine reviews were performed; this denotes a high 
level of involvement in the reviewing activity.

The results presented in this section highlight the advantages of applying the new 
dynamic review allocation mechanism with extra bidding compared with a static 
approach. The allocation is fairer as each submission received relatively the same 
number of evaluations after the first review phase and after the extra review phase; 
the difference between the most and the least reviewed solutions is one in the vast 
majority of cases (there are only two exceptions after the extra review phase). By 
contrast, in the previous year this metric varied to a larger extent, many solutions 
receiving three evaluations while others received only one. In addition, we noticed 
that the bidding points stimulated learners to provide more reviews. Many students 
decided to attend the extra review phase, earning a significant amount of bidding 
points. Furthermore, the additional reviews resulted in a higher number of assess-
ments per submission compared to the previous year.

4.2.3  Learners’ perception regarding the dynamic review allocation mechanism 
with extra bidding

We conceived and disseminated a dedicated questionnaire at the end of the semester 
to investigate the learners’ experience with the peer assessment activity and Lear-
nEval platform. Twenty-two of the students (i.e., 55%) filled in this questionnaire. In 
the following, we report on the items related to the new dynamic review allocation 
mechanism.

1) Involvement in the extra review phase

In terms of involvement, most respondents (20, or 91%), attended at least one of 
the extra review phases, with 17 students (77%) declaring they usually performed all 
the three extra reviews. Many students said they attended the extra review phase to 
gain bidding points, but also to "help other colleagues" or "view other solutions".

2) Usefulness of the extra review phase

More than half of the students (12, or 55%), considered the extra review phase as 
being useful. But there were also some cases in which the helpfulness of this extra 
review phase was not very clear for the students (e.g.: "I do not consider it really 
necessary. The time for it could be allocated for something else."). However, most 
of the students (15, or 68%), agreed that the reviewing module was intuitive to use.

Table 10  Distribution of the amount of bidding points gathered by the students

Number of bidding points [0, 900) [900, 1800) [1800, 2700) [2700, 3600]

Number of students 15 (38%) 13 (33%) 6 (15%) 6 (15%)
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3) Bidding points

Almost half of the students (10, or 45%), declared that they monitored the bid-
ding points gathered on a regular basis. Most of the students (20, or 91%), agreed 
that the bidding points they collected were enough to request all the extra reviews 
they wished to perform.

4) Satisfaction with LearnEval platform
Overall, most of the students (15, or 68%), were satisfied or very satisfied with 

the peer assessment platform. The comments were primarily positive, e.g.: "every-
thing was fine and there were no problems", "it was easy to use", "I was content with 
the platform", or "good platform for reviewing others".

5  Simulation module for the dynamic review allocation mechanism

A dedicated simulation module was developed, as part of LearnEval, to assess the 
new dynamic review allocation mechanism’s applicability and scalability. The simu-
lation module takes as input several configuration parameters, executes the review 
allocation algorithm, and displays the allocation results using various intuitive data 
visualization components.

The configuration parameters supported by the simulation module (Fig. 6) are the 
following:

• Submit solution probability (SSP) – the probability for a student to submit a solu-
tion

Fig. 6  Dynamic review allocation mechanism simulation module
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• Submit review probability (SRP) – the probability for a student to submit a 
review

• Request additional review probability – the probability for a student to request an 
extra review

• Submit additional review probability – the probability for a student to submit the 
assigned extra review

• Number of students – the number of students enrolled in the course
• Number of assignments – the number of assignments (peer assessment sessions) 

to be simulated
• Number of reviews per student – the number of reviews required to be performed 

by a student in the first review phase.

At the beginning of the simulation, each student is randomly assigned a review-
ing score that depicts their initial assessment skills. Next, the students are allocated 
to one of the three reviewing categories. They are ordered descendant according to 
their reviewing score and the first third are allotted to HRS, the second third are 
allotted to MRS, and the rest are allotted to LRS. The simulation starts with the 
configured number of assignments and for each one, it creates and simulates a peer 
assessment session. An assignment contains three stages: submission phase, first 
review phase, and extra review phase.

1) Submission phase simulation

In the submission phase, the algorithm iterates over each student and based on the 
SSP configuration parameter a mock-up submission is created or not. At the end of 
this phase, the first review phase simulation starts.

2) First review phase simulation

In this phase, the algorithm iterates over each student and computes the prob-
ability for them to submit the reviews. However, based on the observed behavior 
from previous courses, reviewers commonly follow two trends: students that submit 
every required review, and students that submit no reviews at all. The cases in which 
students submit only a part of the assessments are more rare. Therefore, we have two 
core probabilities inferred by the system based on the SRP defined by the instruc-
tor: the probability to submit all the required reviews, and the probability to submit 
none of them. A third one, the probability to provide only a part of the assessments, 
is lower than the first two and from our observations it is typically around 5% (i.e., 
about 1 in 20 students decides to perform only some of the evaluations). Further-
more, we observed that students having lower review competence and belonging 
to LRS category usually submit a lower number of assessments compared with the 
ones from MRS and HRS categories. Thus, the probability for a LRS student to 
submit an assessment is half compared to the rest. However, in the  1st assignment 
the actual assessment skills of the peers are not known, thus, the probability is the 
same regardless of the category. The allocation of the submissions to reviewers uses 
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the new dynamic review allocation approach: it considers the number of submitted 
reviews for the deliverable and the review category of the requester. At the end of 
this phase, the extra review phase simulation starts.

3) Extra review phase simulation

In this phase, the algorithm iterates over each student and computes the probabil-
ity for them to request extra reviews, and then further computes the probability to 
submit them. The student behavior is again modeled based on our observations from 
previous courses where peer assessment activity was employed. Thus the student 
behavior in the extra review phase is similar in many aspects with the one exhibited 
in the first review phase: the probability for a student to request all or none extra 
assessments is higher than the probability to request only a few of them; the prob-
ability of a LRS student to request extra assessments is lower compared to the rest 
of the students. However, the probability to request and perform all the reviews in 
this phase is lower compared to performing all the reviews in the first review phase. 
Again, the allocation of the submissions to the reviewers uses the new dynamic 
review allocation approach: it considers the number of submitted reviews for the 
deliverable and the review category of the requester.

For illustration purposes we performed the simulation with the parameters shown 
in Fig. 6. The results are shown in Fig. 7, 8 and 9. Figure 7 depicts the number of 
assessments each solution received at the end of the extra review phase after the 
simulation of the 3rd assignment. All the submissions, with only one exception, 
received the same number of evaluations (i.e., four). The simulation results high-
light the fairness of the allocation, as the difference between the highest and the 
lowest number of evaluations a solution receives is one, both after the first review 
phase (Fig. 8) and after the extra review phase (Fig. 7). Furthermore, each solution 
receives relatively the same number of evaluations from each review category. Com-
paring Fig. 9 with Fig. 8 we can notice that in the extra review phase the additional 

Fig. 7  Dynamic review allocation mechanism simulation module – number of reviews per submission
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assessments were allotted to the solutions which received less reviews in the first 
review phase.

The visualization component of the simulation module is comprehensive, dis-
playing many aspects related to the allocation results, such as: number of HRS/MRS/
LRS students allotted per solution, confidence in the grade assigned to the submis-
sion computed based on the assessors’ competences, number of evaluations sub-
mitted by the students after the first review phase for every assignment, number of 
evaluations submitted by the students after the extra review phase for every assign-
ment, overall number of evaluations submitted by the students for every assignment, 
total number of evaluations submitted by each student, as well as the amount of 

Fig. 8  Dynamic review allocation mechanism simulation module - first review phase allocation results

Fig. 9  Dynamic review allocation mechanism simulation module - extra review phase allocation results
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bidding points gathered. The simulation results can be saved for later visualization 
and examination.

In a subsequent step, we ran the review allocation simulation module with config-
uration parameters’ values inferred from students’ observed behavior in the MTEL 
course (see Table  11). The simulation results are very close to the actual results 
recorded in the peer assessment activity. Thus, we can attempt to extrapolate some 
parameters’ values, such as the number of students enrolled, number of peer assess-
ment sessions or evaluations per student, and visualize the allocation results.

The estimated probabilities were used to simulate the allocation process for 10 
assignments, 6 required reviews per student and 3 extra optional reviews per student. 
The outcomes were promising as every solution received relatively the same number 
of evaluations for each assignment (the difference between the most and the least 
reviewed solution was one). Furthermore, the distribution of assessors per solution 
in terms of review category was relatively balanced (Fig. 10).

6  Discussion and conclusion

According to the literature on peer assessment, the allocation of the solutions to 
reviewers is done mainly randomly, without any consideration regarding the compe-
tence of the assessor, and statically, without considering the fact that some students 
do not submit the assigned reviews. The random and static approaches have shown 
their limitations: some solutions receive more reviews while others receive less, 
some submissions are solely evaluated by highly competent assessors while others 
are solely evaluated by less competent reviewers. In recent years, novel approaches 
have been proposed with promising and satisfying results regarding the fairness of 
the allocation process (Abrache et  al., 2021; Estévez-Ayres et  al., 2013; Staubitz 
et  al., 2016). The results of our work support the idea that the review allocation 
procedure should be done dynamically, at student’s request, in order to consider the 
ongoing assessment state of the solutions.

The current paper presents several static review allocation approaches supported 
by our LearnEval peer assessment platform and highlights the challenges they 
exhibit. These approaches can create inequalities which affect the reliability of the 

Table 11  Estimated 
probabilities based on students’ 
behavior exhibited in MTEL 
2020-2021 course

Simulation configuration parameter Parameter value

Submit solution probability 90%
Submit review probability 72%
Request additional review probability 39%
Submit additional review probability 90%
Number of students 40
Number of assignments 3
Number of reviews per student 3
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peer assessment process, hence, an innovative dynamic review allocation mechanism 
is proposed. This novel mechanism builds on existing dynamic review allocation 
approaches, such as the one proposed by Staubitz et al. (2016), but integrates sub-
stantial innovative enhancements. The mechanism splits the reviewing activity into 
two stages: a mandatory first review phase and an optional extra review phase. The 
mandatory review phase uses features such as the dynamic allocation and review 
expiration deadline to increase the likelihood for a solution to be evaluated. On the 
other hand, the extra review phase allows peers to perform additional assessments, 
increasing the number of reviews each submission receives, and implicitly, the entire 
process reliability. A new concept is introduced, bidding points, that allows peers to 
request extra reviews. The new mechanism was employed in 2020-2021 academic 
year in the context of a Multimedia Technologies in E-Learning course. At the end 
of the first review phase each solution had two or three evaluations. Furthermore, at 
the end of the extra review phase each solution had three or four evaluations (with 
the exception of two submissions), denoting a relatively high interest of the students 
in the additional reviewing activity. The outcomes show that the current proposal 

Fig. 10  Dynamic review allocation mechanism simulation module - allocation results with 10 assign-
ments and 6 reviews required per student
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offers a viable, effective and fair mechanism where each solution receives rela-
tively the same number of evaluations. Comparisons with a previously applied static 
review allocation approach show an increased number of assessments per solution 
and a more equitable allocation. Furthermore, students’ answers to an opinion sur-
vey regarding the new mechanism were mainly positive and appreciative.

A dedicated configurable simulation module that emulates the execution of the 
proposed mechanism and presents the outcomes using various intuitive visualization 
components was also integrated as part of LearnEval. The module allows research-
ers to run the allocation process using different configuration parameters, such as: 
high number of enrolled students, high number of assignments, diverse number of 
reviews required per student, or various involvement levels. The simulation was 
executed with the parameters’ values recorded from students’ behavior in an actual 
course, but using a higher number of assignments and a higher number of reviews 
required per student. Although employing students’ behavior from a single course 
offers limited insights, the allocation results showed that the allotment is fair irre-
spective of the number of assignments or number of reviews required. In the future 
we plan to study more in-depth the various behaviors exhibited by the students in 
different courses and perform extensive simulations.

Furthermore, various enhancements could be envisioned for the proposed review 
allocation mechanism. In the current version, a student can request additional 
reviews in the extra review phase only once – a multiple request functionality could 
be included. Moreover, the extra reviews could have an expiration deadline (just like 
the mandatory reviews), allowing solutions to be returned to the allocation pool in 
case the assessments are not submitted on time. Another limitation of the current 
mechanism is that the bidding points can be visualized only as a numeric value. 
Adding various badges, score levels and a graphical visualization component could 
provide an enhanced gamification experience for the students.

Finally, a shortcoming of the current study is represented by the limited number 
of students enrolled in the course and the low number of assignments. Although 
we simulated the unfolding of the allocation mechanism with different configura-
tion parameters, the actual distribution of the reviews could differ in a real scenario 
where more students and assignments are involved. Therefore, as future work we 
plan to perform more experiments in different contexts and more comprehensive 
data analyses in order to investigate the fairness and reliability of the allocation pro-
cess and peer assessment activity.

Data availability The datasets generated during and/or analysed during the current study are available 
from the corresponding author on reasonable request.
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