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A B S T R A C T   

Across disciplines and educational levels, peer feedback has emerged as a broadly useful pedagogical strategy. 
However, the value of peer feedback depends upon students being willing to provide each other substantial 
feedback. We develop a novel application of game theory to study whether students’ experiences with interaction 
inequality in peer feedback predict lower participation in future peer feedback assignments. Two kinds of 
inequality are explored: inequality in amount and inequality in the helpfulness of received vs. providing feed-
back. We examine data from students (N = 732) enrolled in the three different courses (varying in discipline and 
level) using the same online peer review platform. We use advanced multiple regression models to test four 
theoretically-derived hypotheses regarding the overall effects of experienced inequality, three hypotheses 
involving contextual moderators of that effect. The results confirmed the hypothesized relationship of experi-
encing inequality in the number and quality of feedback provided vs. received with the subsequent depth of 
participation in peer reviewing. The results also generally confirmed the three predicted moderators of the 
relationship: stronger observed relationships with inequality experiences for weaker students, in later assign-
ments, and in more advanced coursework. This study is unique in applying and extending game theory to 
computerized peer review and in its approach for studying the relationship of specific prior experiences with 
future peer review participation. The findings provide new practical insights into what is essential to manage in 
peer review processes.   

1. Introduction 

Peer review, defined as having peers within a class provide numer-
ical assessments and feedback comments to one another, has long been 
identified as a productive way for providing timely and effective feed-
back (Topping, 1998). Peer review has been used for a wide range of 
student artifacts, such as essays (Cho & Schunn, 2007; Schunk & Zim-
merman, 2007; Applebee & Langer, 2011), video presentations (Min, 
2016), design projects (Grabe & Kaplan, 1996; Gatfield, 1999), and 
computer code (Ballantyne et al., 2002; Wang et al., 2012; Wang & Sun, 
2018). Meta-analyses have established that peer assessments are 
generally reliable (Li et al., 2016) and that peer feedback is typically 
useful for learning (Double et al., 2019; Li et al., 2020) and improving 
motivational outcomes (Li et al., 2021). 

However, peer review benefits depend upon students actively 
participating in the process (sometimes referred to as behavioral 
engagement), and students are sometimes reticent to participate. Some 

students hold a variety of negative attitudes towards peer assessment 
(Mangelsdorf, 1992; Liu & Carless, 2006; Kaufman & Schunn, 2011; Zou 
et al., 2018). As a result, students sometimes refuse to participate 
entirely or participate at minimal levels (Patchan et al., 2018; Zou et al., 
2018; Elizondo-Garcia et al., 2019). Some approaches have been pro-
posed to encourage strong participation, including grading incentives 
for high-quality participation (Patchan et al., 2018) or training ap-
proaches (Russell, 2004). Prior research on peer review has not exam-
ined the role that prior experiences students with peer review have in 
shaping their future participation levels in peer review. 

Building upon game theory research, we explore a set of hypotheses 
based upon the general notion that the reciprocal nature of peer review 
unfolding across rounds of reviewing. In particular, we predict students 
will reduce their participation across reviewing rounds when they 
experience inequality in reviewing in the prior round. Here inequality is 
defined as differences between the number of comments or helpfulness 
of comments provided to their peers vs. received from peers. The 
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hypotheses are tested in three university courses in which students 
experience multiple assignments across the semester. 

2. Theoretical background 

Game theory was originally developed to explain patterns in in-
dividuals’ decisions to cooperate or compete with others in a context 
(Binmore, 1994), and it has been extensively applied in the social sci-
ences, computer science, and philosophy (e.g., Balliet et al., 2011; 
Conybeare, 1984; Corfman & Lehmann, 1994; Tangpong et al., 2010). A 
classic game theory example involves the prisoner’s dilemma, in which 
two members of a criminal organization are asked to testify against one 
another. The payoff matrix is such that 1) the best outcome for each is 
obtained if they testify against the other person, but the other person 
does not testify against them; 2) the worst outcome is the converse; 3) 
the second-best outcome is if both stay silent, and 4) the second-worst 
outcome is if both testify. This problem is interesting because from an 
individual perspective, testifying appears to be the rationale choice and 
is what is sometimes observed as typical behavior (Hayashi et al., 1999; 
Kiyonari et al., 2000; Xi et al., 2013), but from the group perspective, the 
best average outcome occurs when both stay silent and this result is also 
sometimes observed (Anbarci & Feltovich, 2013; McNamara & Leimar, 
2010). Empirical studies of repeated prisoner’s dilemma problems, in 
which the same decision is repeated over rounds, have found that people 
react over time to how others have acted towards them in the prior 
round. In particular, individuals will act selfishly when the peer acted 
selfishly in the prior round or will cooperate if the peer acted that way in 
the prior round (Press & Dyson, 2012; Stewart & Plotkin, 2013). 

Decisions in a number of real-world contexts (e.g., paying taxes, 
recycling) have this general structure (i.e., groups of people individually 
making the same decision repeatedly over time) and this kind of a payoff 
matrix (i.e., collaborating with others produces the best average 
outcome but an individual does best if they act selfishly). We argue that 
a similar game theory framework can also be usefully applied to the case 
of peer feedback, especially, how much feedback students will 
contribute and how they will react to how much feedback their peers 
contributed across rounds of reviewing. More generally, peer feedback is 
a kind of social information exchange, and equality in it has been pre-
viously examined within firms and online professional communities (e. 
g., Lin et al., 2009; Kleine et al., 2016; Lacey et al., 2017; Hayibor, 
2017). In addition, interactive equality in general can involve both 
quantitative and qualitative aspects (Onwuegbuzie, 2012; Yilmaz, 
2013). 

Turning to the details of game theory applied to peer feedback, peer 
feedback is the intangible knowledge resource that students use to learn 
and improve their academic performance. Some prior work has argued 
that how students grade each other (Wu et al., 2015) or whether 
reviewees accept the feedback they receive could be shaped by a game 
theoretic analysis (Klein, 2018). However, no prior empirical work has 
examined how much feedback reviewers provide, which is the larger 
learning opportunity and also is necessary to having feedback that a 
student can accept. How much students gain from feedback depends 
upon the character of the feedback. Providing useful feedback involves 
effort, and there is some level of competition among students (e.g., for 
scholarships, for positions in more advanced degrees), and so receiving 
useful feedback from peers without providing useful feedback to peers 
could be perceived as the most advantageous outcome for the individual 
(Pandey & Chatterjee, 2016). However, if no useful feedback is provided 
by any peer, everyone experiences less learning. Thus, it could be argued 
that the overall best collective benefit within the class is when everyone 
provides useful feedback. In sum, the same conditions of prisoner’s 
dilemma apply, and a similar prediction could be made across rounds of 
experience with peer feedback (across assignments) within a class: if 
peers provide less useful feedback, the student will also reduce the 
usefulness of the feedback the student provides in the next round, 
whereas if peers provide more useful feedback, the student will increase 

the usefulness of the feedback provided in the next round. 
In the context of peer review, the simplest definition of quantitative 

inequality consists of the number of comments received, which can vary 
widely across reviewers (Patchan & Schunn, 2015). Consider the case of 
a student who gave each of the authors they reviewed 20 comments per 
document but only received ten comments from each of the students 
who reviewed their contribution. The student would likely feel the in-
formation exchange was unequal. 

In addition to the number of comments, the comments’ nature will 
likely matter, too. Sometimes a received peer comment is not perceived 
as helpful by the author, perhaps because the location of the problem 
was not clarified or the reason for the issue being a problem was not 
explained, or no possible solutions were offered (Nelson & Schunn, 
2009; Patchan et al., 2016; Wu & Schunn, 2020). Indeed, without in-
centives for providing high-quality reviews, peers can provide review 
comments that consist of a short, generic praise comment (Patchan et al., 
2018), like “nice job!“. Thus, if a student gives each author ten long 
comments that are well explained and constructive but only receives ten 
short comments that are neither well explained nor constructive, the 
student would also be likely to feel the information exchange was un-
equal. Of course, not every constructive comment is seen as imple-
mentable, nor is every explanation seen as correct. Thus, the mere 
presence of explanations or suggestions for improvement does not 
directly define interactional equality. Instead, we argue that the 
perceived quality of the given and received comments (however, the 
students perceive comment quality) will drive the perception of inter-
actional equality. 

How might a student respond to inequality in the reviews regarding 
their peer review participation, the focus of the current research? Like 
reviewing experiences, the student’s future participation in reviewing 
can vary in quantitative and qualitative terms. Quantitatively, the stu-
dent can choose to vary the number of comments they provide. Quali-
tatively, the student could choose to give more superficial or more in- 
depth comments, which we will approximate by whether the student 
tends to give long comments. 

2.1. Conceptual model and study hypotheses 

Fig. 1 shows the overall conceptual model covering four hypotheses, 
beginning with a general hypothesis about the overall effect of experi-
encing inequality. 

Hypothesis 1. Experiencing reviewing inequality (either quantitative 
or qualitative) in the prior peer review assignment will be associated 
with lower future reviewing participation. 

We also have several hypotheses related to contextual moderators. 
Whether or not students do well in the assignment being reviewed may 
shape how they respond to reviewing inequality. For example, students 

Fig. 1. The conceptual framework for the main relationship between prior 
experiences of inequality in reviewing with future participation in reviewing, 
with moderators of the amount of reviewing experience, course level, and own 
task performance. 
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with higher competency might be expected to provide more feedback 
because they have more relevant skills and knowledge (i.e., equality of 
effort means they should be providing more). Conversely, students with 
lower competency might feel they need more feedback (i.e., equality of 
value means they should receive more to reach the same end point). 
Both factors produce the same hypothesis: 

Hypothesis 2. The negative associations of experiencing reviewing 
inequality with future reviewing participation will be magnified when 
students do poorly in the course. 

The total amount of experience in the discipline or specifically with 
peer review in the discipline may lead to norm-setting for what is ex-
pected in terms of participation in the peer review, making the 
inequality more salient. Thus, with a stronger norm (later assignments 
or later courses), students might have a stronger reaction to rating 
inequality. 

Hypothesis 3. The negative associations of experiencing reviewing 
inequality with future reviewing participation will be magnified with 
later peer review assignments. 

Hypothesis 4. The negative associations of experiencing reviewing 
inequality with future reviewing participation will be magnified in more 
advanced courses. 

These four hypotheses are tested in three courses involving multiple 
peer review assignments. Because the courses all used a well-structured 
online peer review system, inequality in reviewing experiences was 
easily captured and quantified. 

While the hypotheses are tested in the specific context of peer 
reviewing in coursework, these hypotheses should also apply to other 
forms of peer review (e.g., of conference papers, journal articles, 
research grants, and teaching) and knowledge information exchanges (e. 
g., reddit or yahoo answers), although with slight adaptions to those 
contexts (e.g., what is performance and what is more and less advanced 
‘courses’). The current study is also one of the first to systematically look 
at both qualitative and quantitative aspects of social information ex-
changes from a game theory perspective in any context. In particular, 
Hypothesis 1 examines whether quantitative and qualitative compo-
nents are similarly important, which might be a novel contribution to 
game theory research. Both because of the replication crisis in social 
sciences (Maxwell et al., 2015) and the increasing need for 
theoretically-guided research to inform practice (Hughes, 2000), 
research that examines moderators of main theoretical predictions is 
becoming increasingly important: when are simple theoretical pre-
dictions observed (or stronger) and when are they not observed (or 
weaker)? 

3. Methods 

3.1. Participants 

Three courses were selected for multiple reasons. First, they used the 
same online peer assessment system (Peerceptiv). Second, all had be-
tween 5 and 6 assignments, which enabled the study of change with 
experience (i.e., Hypothesis 3). Third, all were sufficiently large to 
provide sufficient statistical power to tease apart the influence of 
correlated factors using advanced statistical methods. To test the gen-
erality of the findings across disciplines, two of the courses were in 
Biology, and one was in Psychology. Finally, to test course level effects 
(i.e., Hypothesis 4), two of the courses were introductory survey courses 
(Introductory Psychology and Introductory Biology), and the other was an 
advanced course (Advanced Biology). 

In total, there were 732 undergraduates across the three courses: 
Introductory Psychology–two different offerings of the same 2nd-level 
introductory psychology course (for majors and non-majors) at a large 
research-oriented public university in the Eastern part of the US; 

Advanced Biology–a for-majors writing-intensive biology course at a 
large research-oriented public university in the Western part of the US; 
and Introductory Biology–an introductory biology course (for non- 
majors) in a different large research-oriented public university in the 
Western part of the US. The data from the two offerings of the psy-
chology course are treated as one course in the analyses because the 
assignments were nearly identical, and exploratory analyses found no 
differences in observed results within each offering. Table 1 shows the 
self-reported demographics details of students across the three courses. 

3.2. Course setting 

The Introductory Psychology and Introductory Biology courses had 
writing assignments aligned to different topics covered in the course. 
The reviewing rubrics involved examining some general writing ele-
ments like spelling, grammar, and other aspects of good writing, as well 
as clear and accurate descriptions of the selected scientific topics. The 
Advanced Biology course, by contrast, involved a sequence of writing 
assignments that supported a research project. Initially, students wrote 
about a research idea. Then they turned to summarize related prior 
research. Then they wrote about their planned experiment. Finally, they 
turned in a report that integrated all of the sections of a research report. 
The specific reviewing rubrics varied based on the writing assignment’s 
nature and had a mixture of general writing quality and content-specific 
dimensions. 

4. Materials 

All students were required to submit assignments and complete peer 
reviews through a common online system, Peerceptiv (https://peercept 
iv.com). Fig. 2 shows the main student reviewing interface. Students 
used this page to review their peers’ submissions and enter open-ended 
feedback in the text boxes as guided by different reviewing prompts for 
each review dimension. Each assignment had separate reviewing di-
mensions (varying between 3 and 6 per assignment) created by the 
course instructor that directed reviewer attention to specific aspects of 
the writing assignment (e.g., style, writing conventions, organization, 
quality of explanations, the accuracy of content). Students had to submit 
at least one comment per reviewing dimension, but there was no mini-
mum comment length. Each student had to review at least four peers’ 
documents for each assignment. These ratings were used to produce 
grades for the student’s submissions. All reviewing was double-blind-
—an author pseudonym identified author documents, and a number 
identified the reviewer. The system kept track of submitted documents, 
review ratings, and comments. 

To incentivize higher review quality (and to measure reviewing 
inequality), authors had to rate the helpfulness of their received com-
ments on a 1 to 5 scale, and optionally could provide an explanation for 
the rating (see Fig. 3 top). These ratings produced a reviewing quality 
grade. Reviewers could also see a mean helpfulness rating across all the 
comments they provided in a given review (see Fig. 3 bottom). 

4.1. Measures 

The measures used in this study were all derived from data auto-
matically recorded by Peerceptiv (see Table 2 for definitions). The 
interactional component in repeated decision applications of game 
theory is fundamentally about individuals’ decisions in response to the 
decisions of others from a prior round. The quantitative aspects of 
inequality in feedback are most directly about behavior counts (i.e., 
amount of feedback provided). The qualitative aspects are more inher-
ently about perceptions (i.e., perceived usefulness), and Peerceptiv in-
cludes a measure of the perceived value of peer feedback as part of the 
system. 

To calculate predictor and outcome variables, the data was orga-
nized by assignment, computing a value for each student in each 
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assignment (e.g., # of long comments provided to peers on a given 
assignment). In this way, changes from one round to the next could be 
tested. For predictor values, only the first through second-to-last as-
signments in a course are relevant. For outcome values, only the second 
through last assignments in a course are relevant. The resulting N for 
analysis was 3202 across all three courses (732 students x 4–5 assign-
ments). Table 3 lists the descriptive statistics for each variable within 
each course (Appendix A presents these descriptive statistics separately 
for each assignment within each course, see Table A1, Table A2, and 
Table A3 for details). Since two of the variables were used as both 
predictor and outcome and had different assignment number ranges in 
those roles, separate means and SDs are listed for the predictor and 
outcome roles. 

4.1.1. Reviewing participation 
The primary outcome is reviewing participation, which is measured 

in terms of long comments. Prior research on peer feedback (e.g., Nelson 
& Schunn, 2009; Patchan et al., 2016; Wu & Schunn, 2020) has found 
that short comments can rarely provide useful information to the author, 
potentially missing information about the problem’s nature, where the 
problem occurs, suggestions for addressing the problem, and explana-
tions for why it is important. For example, consider comments made by 

two different reviewers from one assignment in one of the courses: 
In your second body paragraph, your topic sentence said that skin 

color determines which ethnicity you belong to. Unless I’ve misunder-
stood what you’re trying to say, this is very incorrect. Skin color does 
NOT determine your ethnicity. Your ethnicity is determined by your 
ethnic ancestry/genes, not the color of your skin. For example, that 
would mean that all fair-skinned people are presumably Caucasian. I 
think you should revise your thoughts or clarify your ideas. When it 
comes to discussing how people evolved from their geographical loca-
tion, this applies for the idea of body hair and how some people are 
hairier than others for body temp reasons. (107 words). 

Although I didn’t see any spelling mistakes, I did find a few problems 
regarding the sentence structure. (17 words). 

The two comments vary dramatically in terms of length. The long 
comment is focused on substance, is clear regarding the problem’s 
location, explains why the content is incorrect, and provides additional 
related ideas. The short comment is focused on surface-level writing, is 
vague about the nature of the problem, is unclear about the problem’s 
location, and makes no suggestions for making changes. A long 
comment does not guarantee that all useful elements of a comment are 
present, but useful elements are statistically much more likely to be 
present in such long comments (Wu & Schunn, 2020). 

Table 1 
For each course, the number of participating students, mean age, % female, and % reporting each race/ethnicity.  

Course # of Students Mean age % Female Race/Ethnicity 

% Asian % Black %Latinx % White 

Introductory Biology 98 19 82% 42% 3% 28% 28% 
Advanced Biology 274 20 59% 69% 2% 14% 15% 
Introductory Psychology 360 21 74% 8% 10% 0% 82%  

Fig. 2. The reviewing interface within Peerceptiv at the time of the study. Students can view the document (on the right) while completing the review (on the left). 
The review is divided into dimensions, with comments and ratings within each dimension. Students must enter at least one comment in the textboxes for each 
reviewing dimension. 
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We defined long comments as those having at least 50 words. This 
threshold allows for a comment to have a problem description, problem 
location, problem explanation, and possible solution. Further, it clearly 
eliminates all highly superficial comments (e.g., vague feedback or 
praise-only feedback). It captures an obtainable minimum length in 
those students regularly provided at least a third of the time. Finally, an 
even higher threshold might be challenging to reach for some lower- 
level language dimensions. To inform the selection of this specific 
threshold and to validate the overall measurement approach, variations 
using different thresholds were created, and then the correlation with 
helpfulness ratings was examined. The 50 words had the highest cor-
relation (see Table B1 in Appendix B). Further, pilot analyses suggested 
that changing the threshold higher or lower did not substantially change 
the main regression results in this study. 

Two measures of reviewing participation were developed based 
upon this long comment threshold, both representing the pattern of long 
comments across the reviews provided on a given assignment. First, we 
calculated #Long providedJ, the total number of long comments a 
reviewer gave across reviewing dimensions and documents to be 
reviewed on assignment J. This measure is an assessment of how much 
in-depth reviewing a reviewer was providing. Note the convention of 

using # as a symbol for “number”. 
Second, we calculated %Long providedJ, the percentage of all pro-

vided comments by a reviewer for assignment J that were long. The 
number of long comments can be influenced by either a tendency to 
provide in-depth comments or a decision to give more comments. The 
latter might be heavily influenced by the quality of the documents that 
were reviewed. 

To examine the reliability of these measures, scores on each measure 
were re-calculated at the level of an individual review, and then Cron-
bach’s alpha was calculated across the minimum number of reviews that 
each student provided (i.e., four reviews). Both measures showed high 
reliability (see Table C1 in Appendix C). 

4.1.2. Experienced inequality 
There were two measures that directly reflected two forms of 

inequality students experience in contrast between what they provided 
as reviewers and what they received as authors. First, capturing kind of 
qualitative inequality, there was Rating inequalityJ, defined as the dif-
ference between the mean helpfulness ratings on comments provided 
and the mean helpfulness ratings on comments received on assignment 
J. Thus, positive numbers reflect the provided comments were more 

Fig. 3. Top: The Peerceptiv interface for seeing helpfulness ratings (within parentheses) and supporting explanations given to each comment. Bottom: The interface 
showing the summary of helpfulness ratings for each completed review (averaged across reviewing dimensions). 
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helpful, and negative numbers reflect the received comments were more 
helpful. Note that cases in which authors did not provide helpfulness 
ratings are treated as missing values and dropped from mean helpfulness 
calculation. Second, capturing a kind of quantitative inequality, there 
was #InequalityJ, defined as the difference between the total number of 
comments provided and the total number of comments received on 
assignment J. Correspondingly, positive numbers reflect more com-
ments given, and negative numbers reflect more comments received. 
Note these two measures directly capture experienced inequality, and 
there is no concern about measurement noise and reliability for such 
measures (e.g., similar to direct measures of income or income 
inequality). In addition, these variables were standardized (mean 
centering and setting variation to 1) for the regression models to allow 
for testing of interactions. 

4.1.3. Task performance 
Document quality was based upon the multi-peer ratings. The mean 

inter-rater reliability on a given rating rubric in these three courses was 
0.57. There were between 6 and 14 ratings per assignment. Thus, 
interrater reliabilities for the overall document scores were generally 
high (i.e., always above 0.8). In general, with clear rubrics and multiple 
peer ratings, a prior meta-analysis indicates that the validity of these 

ratings was likely to be high (Li et al., 2016). However, the exact validity 
of these ratings across such a wide variation of assignments across 
courses was not possible to assess formally. Therefore, document quality 
was formally modeled in terms of a binary measure, Low scoreJ, which 
was set to 1 if the score on assignment J was below the class median for 
that assignment and 0 otherwise (i.e., received a high score). This 
transformation to a binary value also handled the few cases in which no 
document was submitted as well as addressing outliers and the skew 
found in score distributions for most assignments. 

4.1.4. Within course experience 
To capture quantitative changes in reviewing performance changes 

across the course (e.g., become less sensitive to inequality later in the 
course), time was formally modeled in terms of the amount of experi-
ence with reviewing. In particular, Round was defined as the assignment 
number in the course (and it is equivalent to J). 

4.1.5. Course type 
A Discipline indicator variable was created to differentiate the 

different course disciplines: 1 for psychology and 0 for biology. A Level 
indicator variable was created to distinguish the introductory courses 
(0) from the advanced course (1). 

4.2. Analysis 

The general analytic approach uses multiple regression to test the 
statistical significance of predictors that correspond with each of the 
hypotheses. In particular, we use time-series multiple regressions in 
which reviewing participation in one assignment is predicted by expe-
rienced inequality and task performance in the prior assignment, con-
trolling for reviewing participation in the prior assignment. This 
approach of predicting the outcome variable while controlling for the 
prior state is preferred over predicting change scores (current minus 
prior) because change scores are subject to regression-to-the-mean sta-
tistical artifacts in multiple regression analyses (Barnett et al., 2005). 
Thus, the specific analytic method was to use multiple regression, with 
the number of long comments provided (#Long providedJ) or the percent 
of long comments provided (%Long providedJ) as the dependent vari-
ables, #Long providedJ-1 or %Long providedJ-1 as the respective baseline 
controls, Number inequalityJ-1, Rating inequalityJ-1, as core predictors, and 
LowJ, Round, Discipline, and Level as additional control variables. 

The nature and observed distributions of the two outcome measures 
of reviewing participation, #Long providedJ and %Long providedJ, were 
important to consider in specifying the details of the multiple regression 
approach. Both variables’ distributions were far from normal (see 
Figure D1 in Appendix D). #Long providedJ is a count variable, which 
tends to have a strong positive skew (i.e., a long tail on the right). In such 
situations, Poisson regression or Negative Binomial regression is 
preferred over linear regression based upon a normal distribution. Since 
the variance for the number of provided comments was generally much 
larger than its mean in each course (see Table 3), it was likely that 
Negative Binomial regression would be the better choice (Grogger & 
Carson, 1991; Gardner et al., 1995). As expected, Negative Binomial 
regression produced better model fit statistics than did Poisson Regres-
sion (Akaike Information Criterion (AIC), Bayesian Information Crite-
rion (BIC), and log-likelihood) and thus is the approach reported here. 

Another problem with some count variables is that they will also 
have many zeros when there is a theoretically meaningful, separate 
process for producing zeroes. In providing comments, some reviewers 
can choose not to provide any comments to peers in a given round, 
which could represent a meaningful reaction to inequality in prior 
reviewing experiences (as well as other stressors like competing course 
deadlines or sickness). In such a situation, Zero-Inflated regression 
should be used, in which two sets of coefficients are produced: a logistic 
regression predicts zeroes’ occurrence in the outcome variable (i.e., no 
long comments provided); and another regression (in this case, Negative 

Table 2 
The specific measures for each construct and their definitions.  

Constructs Measures Definition 

Reviewing 
participation 

#Long 
providedJ 

The number of comments provided by 
student i on the Jth assignment that were long 
(#words>50). 

%Long 
providedJ 

The percent of comments provided by the 
student i on the Jth assignment that were long 
(#words>50). 

Experienced 
inequality 

Rating 
inequalityJ 

For student i on the Jth assignment: (mean 
helpfulness of comments given minus mean 
helpfulness of comments received)/standard 
deviation of rating inequalities on that 
assignment 

#InequalityJ For student i on the Jth assignment: (number 
of long comments given minus number of 
long comments received)/standard deviation 
of number inequity on that assignment 

Task performance LowJ 1 if the document score on the Jth assignment 
is lower than the median score, and 
0 otherwise (higher or not submitted) 

Within-course 
experience 

Round The reviewing assignment number (J = 1, 2, 
3, 4, …) 

Course type Discipline Indicator variable: set to 1 for psychology, 
0 for biology  

Level Indicator variable: set to 1 for the advanced 
course, 0 for the introductory courses  

Table 3 
Means and standard deviations in each course for each predictor and outcome 
variable. Note that raw inequality values are presented in the table, but stan-
dardized inequality values were used in analyses (i.e., necessarily had mean =
0 and SD = 1).  

Variable Introductory 
Psychology 

Introductory 
Biology 

Advanced 
Biology 

Mean SD Mean SD Mean SD 

Predictor 
#Long providedJ-1 7.48 6.94 2.58 3.14 7.48 7.42 
%Long providedJ-1 34% 28% 32% 31% 35% 27% 
Raw Rating inequalityJ-1 0.00 0.65 0.11 2.15 0.08 0.83 
Raw #InequalityJ-1 − 0.37 11.62 0.00 7.24 − 0.12 12.47 
LowJ 0.40  0.41  0.44  
Round 2.79 1.33 2.99 1.41 2.50 1.12 

Outcome 
#Long providedJ 6.82 6.61 2.72 3.32 8.41 7.18 
%Long providedJ 31% 28% 32% 32% 36% 26%  
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Binomial regression) predicts the quantity when it is not zero. 
%Long providedJ is a percent outcome, which often can have other 

kinds of statistical issues, particularly related to overdistribution (i.e., a 
very wide and almost flat distribution) and a peak in the number of 
values at the endpoints of the scale due to truncation (i.e., at 0 or 1). In 
the case of %Long providedJ, the distribution was very flat, and there was 
a peak at 0 (see Figure D1). Ignoring these normality violations produces 
artificially depressed correlations (Hammer & Landau, 1981) or noisy 
estimates (Maddala, 1983). Tobit regression (Tobin, 1958) can address 
these issues and produce more consistency, reliability, and less bias 
(Maddala, 1983; Leigh et al., 1985). Therefore, Tobit regression was 
selected for the regressions predicting %Long providedJ. 

Initial explorations found roughly linear relationships between pre-
dictor variables and outcome variables, with the exception of task per-
formance. Therefore, the core predictors are left as linear predictors, and 
task performance (LowJ) was modeled as a binary (Low or not). Data 
from the different courses are combined into one regression model. 
Control variables adjust for overall differences by course, and additional 
models were conducted to formally test the course variables’ in-
teractions with the core predictor variables. Further, interactions with 
Round and task performance (LowJ) were also formally tested in inter-
action models. The core predictors (rating and number inequality) were 
standardized to avoid artificial effects in the models testing interaction 
terms (Baguley, 2009). 

For all models (Zero-Inflation Negative Binomial (ZINB), and Tobit 
regression models), Pseudo-R2 is reported to show model quality. Out-
liers in each continuous predictor were replaced with the closest non- 
outlier value; such outliers occurred for at most 0.4% of values for any 
given variable and less than 0.1% of values for most variables. 

5. Results 

The top of Table 4 shows the Pearson correlations among the pre-
dictors. Except for the two baseline variables, which are never included 
in the same regression, none of the predictors were strongly related to 
each other, suggesting major multicollinearity problems would be un-
likely. Inspection of Variance Inflation Factors (VIF) in the regression 
models confirmed there were no multicollinearity problems (i.e., all 
VIFs <2). 

The bottom of Table 4 shows a strong relationship of the baseline 
variables to the outcome variables, but not so strong as to prevent pre-
dicting important variance in change over time. Further, prior rating 
inequality was a consistent negative correlate of both length outcomes 
and both length baselines, so a regression analysis is needed to tease out 
predicting future change from concurrent relationships. Number 
inequality was only related to the number but not percent long variables 
at baseline or outcome. 

Current low task performance correlated significantly with the 
outcome measures and the core predictors, justifying its inclusion as a 
control variable. Round, Discipline, and Level were not important in this 
way (e.g., not correlated with the core predictors) but were kept as 

control variables because they turned out to be related to the outcome 
when other controls were included and because interactions with Round 
and Level were key hypothesis tests. 

5.1. Predicting number long 

Table 5 presents the ZINB regression results of the baseline (only 
baseline and control variables) and inequality (adds both inequality 
predictors) models for the dependent variable #Long providedJ. Note that 
in this table and other ZINB regression tables, the sign of the coefficients 
for the zero-inflation component is reversed (i.e., predicting whether the 
student provided at least one comment rather than predicting when they 
provided zero comments) to avoid having to interpret double-negatives. 

The baseline variable is a significant predictor for both the number of 
comments and providing at least one comment, highlighting the 
importance of controlling for past behavior. Most importantly, in partial 
support of Hypothesis 1, both rating inequality and number inequality 
predictors were significantly related to the number of long comments 
provided in the next assignment. That is, students provided fewer 
comments in the reviewing assignment when they experienced rating 
inequality or number inequality in the prior assignment. However, there 
was no relationship of rating or number inequality with whether any 
comments were provided in the next assignment. All four control vari-
ables were also statistically significant and therefore important factors 
to include. 

The number inequality and rating inequality variables were each 
recoded into five categorical levels (Very low, Low, Medium, High, Very 
high) in order to visualize the associations. Roughly, the two high levels 
reflect cases in which students provided more (or more helpful) com-
ments than they received, whereas the two low levels reflect cases in 
which they received more (or more helpful) than they provided. Then, 
estimated marginal means for the number of long comments provided 
were calculated for each categorical level from a regression controlled 
for baseline levels, the other inequality variable, and the various control 
variables. Fig. 4 (left) shows a graph of these means. Both inequality 
variables show a small but consistent gradual negative association of 
inequality with the number of long comments provided in the next 
assignment. Notably, the negative associations with giving too much 
appeared to be larger than the positive associations with receiving too 
much. Taking Medium as the neutral point (where amount or quality 
provided roughly matched the amount or quality received), Very High 
experienced inequality was associated with giving roughly one less long 
comment in the next assignment, whereas Very Low experienced 
inequality was associated with barely any difference in the next 
assignment. 

Estimated marginal means were also calculated for the percentage of 
students submitting a long comment using the same five levels of the 
rating and number inequality variables. As shown in Fig. 4 (right), there 
were small negative trends for inequality in whether the student sub-
mitted any long comments at all, but with higher variability at the Very 
Low and Very High endpoints. This larger amount of noise at the 

Table 4 
Pearson intercorrelations among the baseline, core, and control predictors (top) and with the outcome variables (bottom).   

#Long providedJ-1 %Long providedJ-1 Rating inequalityJ-1 # InequalityJ-1 LowJ Round Disc. Level 

#Long providedJ-1 

%Long providedJ-1 .73***        
Rating inequalityJ-1 -.25*** -.27***       
#InequalityJ-1 .34*** -.03 -.15***      
LowJ -.17*** -.15*** .08*** -.10***     
Round .03 .03* -.03 -.01 .03    
Discipline .11*** .01 .01 .002 -.05** .06**   
Level .08*** .02 -.01 -.002 .05** -.13*** -.74***  

#Long providedJ .60*** .49*** -.19*** .17*** -.15*** -.13*** .01 .18*** 
%Long providedJ .50*** .59*** -.19*** .003 -.14*** -.09* -.06*** .08*** 

Notes. *** = p < .001, ** = p < .01, * = p < .05. 
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endpoints may explain why the associations were not significant overall 
for this zero-inflation part of the model. 

Table 5 also presents the results of the additional regressions that 
tested the hypothesized interactions of rating and number inequality 
with course level (Model 3), with round (Model 4), and Low task per-
formance (Model 5). Note that interactions with course discipline were 
also explored, but no significant interaction was found. There was no 
significant interaction of inequality with Low Task performance (Hy-
pothesis 2). 

Regarding interactions with Round (Hypothesis 3), there was a sig-
nificant interaction in the case of zero-inflation for rating inequality. To 
visualize this association, we again recoded rating inequality (this time 
into two categories to reduce noise because zeroes were relatively rare) 
and also implemented a median split on Round (first half of assignments 
vs. second half of assignments in each course). Then, we graphed the 
estimated means from the interaction while including baseline and 
control variables (see Fig. 5). In early assignments, there was no asso-
ciation of rating inequality with the likelihood of submitting at least one 
long comment. However, in the later assignments (consistent with Hy-
pothesis 3), students were approximately 5% less likely to submit any 
long comments after experiencing high rating inequality. 

There was a statistically significant interaction of number inequality 
with course level (Hypothesis 4). To visualize that interaction, a similar 
approach with the data was used by recoding inequality levels, but 
separately for each course. Because there was much less data within just 

one course and the overall association appeared linear, only three larger 
categories were used. Consistent with the regression results, while rating 
inequality had similarly strong associations with provided comments in 
all three courses (see Fig. 6 right), there appeared to be a more muted 
and non-significant association with number inequality in the Advanced 
Biology course (see Fig. 6 left), counter to Hypothesis 4. 

5.1.1. Predicting percent long 
Table 6 presents all five regression models for the Tobit regression 

models of %Long providedJ. Here, the results partially supported Hy-
pothesis 1: experiencing higher Rating inequality in the prior assign-
ment predicted less reviewing participation (i.e., a lower percentage of 
comments provided that were long) in the current assignment. This 
relationship held in the main effects model (model 2) and in each of the 
interaction models (models 3 through 5). However, number inequality 
was not a significant predictor for this outcome variable in any of these 
models. 

Turning to the moderators, there was a significant positive interac-
tion of number inequality with low task performance on the current 
assignment. This association was graphed using the median splits for 
both number inequality and task performance. As shown in Fig. 7, the 
same trend was shown for high vs. low prior performance, but the 
negative association with greater number inequality was larger in the 
low prior performance group, consistent with Hypothesis 2. There was 
no significant interaction with Round, contradicting Hypothesis 3. 

Table 5 
Estimated coefficients (for both count and non-zero outcomes) from the ZNBR baseline and inequality predictor models for #Long providedJ as the outcome variable, 
along with model fit statistics.  

Predicting #Long providedJ Model 1 (Baseline) Model 2 (Inequality) Model 3 (Level X) Model 4 (Round X) Model 5 (Low X) 

Count Not Zero Count Not Zero Count Not Zero Count Not Zero Count Not Zero 

Baseline 
#Long providedJ-1 0.06*** 0.42*** 0.06*** 0.43*** 0.06*** 0.42*** 0.06*** 0.41*** 0.06*** 0.41*** 

Core predictors 
Rating inequalityJ-1   − 0.05** − 0.07 − 0.05** − 0.08 − 0.04** − 0.07 − 0.05*** − 0.05 
#Inequality J-1   − 0.04** − 0.02 − 0.04** 0.06 − 0.04*** − 0.04 − 0.04** − 0.05 
Level x Rating inequalityJ-1     0.02 − 0.17     
Level x #InequalityJ-1     − 0.08** 0.52*     
Round x Rating inequalityJ-1       0.02 − 0.11*   
Round x #InequalityJ-1       0.003 − 0.09   
LowJ x Rating inequalityJ-1         − 0.03 − 0.08 
LowJ x #InequalityJ-1         0.03 − 0.25 

Control variables 
Round − 0.10*** − 0.15** − 0.10*** − 0.14* − 0.10*** − 0.13* − 0.10*** − 0.09 − 0.10*** − 0.14* 
LowJ − 0.08** − 0.51*** − 0.08** − 0.49** − 0.08** − 0.50*** − 0.08** − 0.49*** − 0.08** − 0.41* 
Discipline 0.37*** − 0.03 0.38*** − 0.00 0.37*** 0.002 0.39*** 0.00 0.38*** 0.02 
Level 0.59*** 1.06*** 0.58*** 1.16*** 0.58*** 1.43*** 0.58*** 1.18*** 0.58*** 1.18*** 

N 3029 2542 2869 2436 2869 2436 2869 2436 2869 2436 
Pseudo R2 0.07 0.22 0.07 0.23 0.07 0.22 0.07 0.23 0.07 0.23 

Notes. *** = p < .001, ** = p < .01, * = p < .05. 

Fig. 4. The estimated marginal means (with SE bars) for #Long providedJ (left) and % of students submitting at least one long comment on the Jth assignment (right) 
as a function Rating inequality and #Inequality in the prior assignment, after controlling for baseline and control variables. 
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Fig. 5. Separately for early vs. later assignments (round), the estimated per-
centage of students submitting at least one long comment on the Jth assignment 
(with SE bars) as a function of experiencing relatively low vs. high Rating 
inequality in the prior assignment, after controlling for baseline and con-
trol variables. 

Fig. 6. The estimated marginal means (with SE bars) for #Long providedJ (controlling for #Long providedj-1) as a function relative levels of number inequality (left) 
and rating inequality (right) in each of the three courses, after controlling for baseline and control variables. 

Table 6 
Estimated coefficients from the Tobit baseline, inequality, and interaction predictor models for %Long providedJ as the outcome variable, along with model fit statistics.  

Predicting %Long providedJ Model 1 (Baseline) Model 2 (Inequality) Model 3 (Level X) Model 4 (Round X) Model 5 (Low X) 

Baseline 
%Long providedJ-1 0.66*** 0.64*** 0.64 0.64*** 0.64*** 

Core predictors 
Rating inequalityJ-1  − 0.01** − 0.01** − 0.01** − 0.01** 
#InequalityJ-1  0.00 0.00 0.00 0.004 
Level x Rating inequalityJ-1   0.02   
Level x #InequalityJ-1   0.05***   
Round x Rating inequalityJ-1    − 0.001  
Round x #InequalityJ-1    0.00  
LowJ x Rating inequalityJ-1     − 0.003 
LowJ x #InequalityJ-1     0.02* 

Control variables 
LowJ − 0.04*** − 0.04*** − 0.04*** − 0.04*** − 0.04*** 
Round − 0.03** − 0.03*** − 0.03*** − 0.03*** − 0.03*** 
Discipline 0.00 0.00 0.00 0.00 0.00 
Level 0.05*** 0.06*** 0.06*** 0.06*** 0.06*** 

N 2930 2815 2815 2815 2815 
Pseudo R2 0.52 0.54 0.54 0.54 0.54 

Notes. *** = p < .001, ** = p < .01, * = p < .05. 

Fig. 7. Separately for students with high or low prior assignment performance, 
the mean estimated percentage of comments that were long on the Jth assign-
ment (with SE bars) as a function of experiencing relatively low vs. high 
number inequality in the prior assignment, after controlling for baseline and 
control variables. 
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Course level again shows significant interaction with number inequality, 
but this time with a larger association in the advanced course, which was 
consistent with Hypothesis 4. 

6. General discussion 

This study’s main aim was to test whether (and when) students’ 
inequality experiences in peer review were associated with the depth of 
their subsequent participation as predicted by a game theory analysis, 
focusing on the role of number and rating inequality. We explored 
whether the willingness to make knowledge contributions changed with 
different degrees of experienced interactive inequality. In particular, we 
tested four hypotheses about the overall relationship of inequality with 
participation and three kinds of potential moderators that could increase 
the association of inequality with participation. Table 7 summarizes the 
findings for each of the four hypotheses. 

Overall, Hypothesis 1 received consistent support. Both rating 
inequality (a qualitative inequality) and number inequality (a quanti-
tative inequality) were associated with providing fewer long comments 
in the next assignment. The relationship was generally more consistent 
in terms of the number of long comments provided rather than whether 
any long comments were provided or the percent of long comments 
provided. In any case, the current study is consistent with broader 
research on game theory and similar theories applied to social infor-
mation exchange, especially with respect to interaction inequality 
driving community participation (Civai et al., 2010; Yang & Ott, 2016; 
Fieseler et al., 2019). 

In addition, the predictiveness of experienced inequality was 
moderated by all three hypothesized factors, also similar to the broader 
research literature, which finds moderation of inequality effects by 
contextual factors (Hu et al., 2016; Khandeparkar et al., 2020). How-
ever, in some cases, the moderation was only quantitative and weak. 
When students were performing at lower levels in the assigned task, they 
appeared more sensitive to rating inequality than when they performed 
at a higher level (Hypothesis 2). The quantitative nature of this 
moderation may explain why it was not found to be supported for the 
number of comments as the outcome and only partially supported when 
the percentage of comments that were long was the outcome. 

Why would task performance moderate inequality? One plausible 
explanation is that students with lower performance tend to have less 
confidence in their knowledge, particularly related to the current 

assignment. This lower confidence would lead them to produce fewer 
comments to their peers, especially fewer long comments that contain 
suggestions for improvements. If they also experience inequality, they 
may come to believe that long comments are not normatively required. 

In the other two cases, the moderation was substantial and qualita-
tive such that the predictiveness of experienced inequality for future 
participation only occurred in one situation. For example, inequality 
appeared to predict only in later assignments and not in earlier assign-
ments (Hypothesis 3). Similarly, the course level appeared to substan-
tially moderate the predictiveness of inequality (Hypothesis 4), although 
in complex ways. These opposite patterns in course-level interactions 
across outcome variables might explain each other. That is, it may be 
that in all courses, students react negatively to number inequality, but in 
different ways. Students may have changed their reviewing style to be 
less commonly long in the advanced course, whereas students reacted by 
provided fewer comments in the introductory courses (short and long). 

6.1. Theoretical implications 

This study contributes several theoretical insights. First, the study 
empirically establishes the relevance of game theory to computer-based 
peer review beyond the preliminary work on how peers grade each other 
and whether they accept the feedback they receive. Early research on 
peer review was strongly focused on the accuracy of peer assessment, 
which was generally found to be good in meta-analyses (Li et al., 2016). 
Later research focused on learning benefits, which have been consis-
tently confirmed across four recent meta-analyses (Huisman et al., 2019; 
Double et al., 2019; Li et al., 2020; Zheng et al., 2020). The current study 
of equality effects complements these prior lines of research because 
both the accuracy and learning benefits of peer review depend upon 
strong participation in peer review. The current work shows some 
sensitivity to imbalances in participation in peer feedback, which is a 
natural extension of the large body of Game Theory research showing 
people pervasively react to competitors’ behaviors in repeated 
decisions. 

Second, the study was the first to bring together qualitative and 
quantitative aspects of inequality. By carefully controlling for each other 
within the regression models, the study suggests both dimensions are 
indeed important to inequality. Further, since one effect is based in 
objective behaviors and the other is based in subjective perceptions, the 
study essentially provides converging evidence for the importance of 
inequality in computerized peer review. 

Third, this study suggests some asymmetry between the positive and 
negative sides of inequality in its relationship to future behaviors. In 
particular, the study suggests that the negative effects of inequality (i.e., 
providing more than receiving) outweigh the positive effects of reverse 
inequality (i.e., receiving more than providing). This finding is consis-
tent with other research on received injustices weighing particularly 
heavily (Heerink et al., 2001; Oishi et al., 2011). 

Finally, this study examined theoretically predicted moderators of 
inequality that were not previously tested. For-whom and under-what- 
circumstances are important questions for judging the broader value 
and generality of theories as well as providing further support for their 
hypothesized underlying mechanisms. For example, the moderating role 
of student performance could be conceptualized as speaking to the un-
derlying perception of equality: students with greater skills neither need 
more help nor need to work as hard in order to provide comments, and 
thus it may be perceived as equal when they provide more long 
comments. 

6.2. Practical implications 

We first begin with a discussion of effect sizes. It is important to note 
that the effects of inequality in just one round were relatively small in 
size. As simple models are applied to more micro-level processes (e.g., 
reviewing behaviors within an assignment), more local factors (e.g., 

Table 7 
Findings summary for each hypothesis for number or percent outcome variables 
(along with whether key predictors for each hypothesis of rating inequality, 
number inequality, or both were statistically significant).  

Hypothesis Outcome 

#Long provided %Long 
provided 

H1: Experiencing reviewing inequality 
(either number or rating) in the prior 
peer review assignment will be 
associated with lower future reviewing 
participation. 

Supported (Both) Supported 
(Rating) 

H2: The negative associations of 
experiencing reviewing inequality with 
future reviewing participation will be 
magnified when students do poorly in 
the course. 

Not Supported Supported 
(Number) 

H3: The negative associations of 
experiencing reviewing inequality with 
future reviewing participation will be 
magnified with later peer review 
assignments. 

Supported (Rating) Not Supported 

H4: The negative associations of 
experiencing reviewing inequality with 
future reviewing participation will be 
magnified in more advanced courses. 

Not Supported 
(Opposite for 
Number) 

Supported 
(Number)  
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competing time constraints, quality of reviewed objects) play a larger 
role, and the variance explained by the model focused on developmental 
patterns is generally predicting small amounts of change. However, 
across multiple rounds of reviewing, such effects can accumulate, 
particularly when there are positive feedback loops. For example, a very 
conscientious reviewer can gradually come to produce very brief or 
superficial comments. Indeed, a whole class can gradually come to 
produce few and superficial comments as the cases of inequality build 
over time. Thus, the small micro-patterns observed in this study can be 
argued to have several practical implications. 

First, as noted above, it appears there is a bigger negative association 
with high inequality than a positive association with low inequality. 
This suggests instructors should intervene early to reduce the likelihood 
that students experience quantitative or qualitative inequality because 
the combined effects of natural variation in the amount/quality of 
feedback appear to be negative. For example, clear guidance and 
training (Rae et al., 2014; Rodríguez-Gómez et al., 2016) on how many 
comments should be provided and what kinds of content should be 
found in each comment should reduce the levels of experienced 
inequality. Simple automated systems could also be created that warn 
feedback providers (or instructors) that some reviews contain too little 
feedback (Ramachandran et al., 2017). Luckily, the effects of inequality 
appear to be larger in later assignments such that the instructor can 
develop better guidance for reviewers during the course. 

Another observation that is also potentially relevant to practice is 
that both qualitative inequality and quantitative inequality appear to 
matter. Therefore, educators should not only emphasize the number of 
feedback comments provided. It is tempting to focus on the number of 
comments because it is easy to provide such guidance to students or set 
up a system that automatically checks the number of comments pro-
vided (e.g., within Turnitin, Peerceptiv). But requirements focused only 
on the amount of feedback may lead students to provide meaningless 
comments simply to meet course requirements, which affect experi-
enced inequality and limit what students will learn from providing and 
receiving feedback (Wu & Schunn, 2020). 

Finally, the relationship of inequality to future providing behaviors 
appears to be larger for struggling students, which suggests that more 
attention should be paid to those cases. For example, instructors could 
ensure that weaker students’ contributions are assigned to reviewers 
who tend to provide better comments and provide additional comments 
when such students appear to have received too little feedback so far. 
Random assignment of reviewers to submissions is common (Babik 
et al., 2016), but this may too often lead students with low task per-
formance to spiral downwards into low levels of participation. Such an 
effect is unfortunate given the pedagogical advantage of providing 
feedback to peers (Li et al., 2020; Wu & Schunn, 2020). 

7. Limitations and future research 

It is important to acknowledge several limitations in the current 
study, which in turn provide directions for future research. First, this 
study only focused on rating and number inequality. These were found 
to be important predictors, but other kinds of experienced inequality 
might matter as well. For example, in situations where feedback is 
distributed continuously rather than all at once, feedback timeliness 
may be unequal. Alternatively, the constructiveness (e.g., containing 
possible solutions) or “on-taskness” (addressing the core elements of the 
assignment) or negativity (especially strong negative comments) of 
feedback may also be important to perceptions of equality (Ramachan-
dran et al., 2017). Future work could use a qualitative approach to un-
cover the commonly mentioned dimensions of inequality in different 
peer review settings. 

Second, it is important to note that the tests of Hypothesis 4 are 

particularly preliminary in the current study. There were a number of 
differences between the courses that might also account for the observed 
variation. For example, it is unclear whether these differences are due to 
classroom norms or the amount of variation in student ability, or the 
nature of the assignments. It may also be relevant that the absolute 
number of long comments was much higher in the Advanced course, as 
was variability in the number of long comments provided (see Table 3). 
A broader range of courses must be studied to more rigorously test the 
effects of course type. At this point, the exploration of the relationship of 
inequality with review participation across three courses provides sup-
port for the pervasiveness of inequality effects and some suggestions that 
the size of the relationship will vary across courses. 

Third, the study only focused on computer-based peer review in 
classrooms. Theoretically, the same factors should also matter for other 
forms of online peer review, such as conference, journal, or grant 
reviewing, as well as other kinds of electronic information exchanges 
such as in reddit or Yahoo Answers. The current study provides a meth-
odological model for studying inequality effects in naturalistic ways in 
those other forms of peer review or information exchange, especially 
with respect to quantitative inequality. 

Fourth, training or system factors may moderate the effects of 
interaction inequality. Replicating the study across different peer review 
systems will be necessary, particularly ones that substantially vary their 
support for quality reviewing or contexts that use much more or much 
less training on peer feedback. It will also help us understand when 
interactional inequality tends to be common and when it tends to in-
fluence reviewer participation. 

Fifth, while this study combined objective behavior and subjective 
survey measures to derive estimates of experienced inequality, it did not 
directly include subjective measures of perceived (in)equality, as is often 
the case in research based on the game theory paradigm. From a prag-
matic perspective, it may not matter whether students were explicitly 
aware of the inequality; experience can implicitly shape action as well 
(Reder & Schunn, 1996; Christiansen, 2019). However, future studies 
that specifically measure perceptions of equality in reviewing would be 
helpful to more precisely characterize the mechanisms underlying the 
relations observed in this study. 

Finally, this study was inherently a correlational study, and thus the 
causal claims are somewhat limited. The longitudinal nature of the an-
alyses (i.e., how prior experience relates to future performance) rules 
out reverse causal interpretations, and the multiple regression tech-
niques controlled for several potentials confound. However, a study that 
directly manipulated the inequality of feedback (e.g., by withholding 
some of the feedback to a random subset of authors) would be a good 
complement to the naturalistic study reported here. Naturalistic studies 
that capture human behaviors in computerized contexts provide 
important external validation of phenomena (Lerche & Kiel, 2018; Li 
et al., 2013), particularly in ways that are non-intrusive. Manipulations 
and extensive research-based measurement have the potential of 
modifying behaviors in artificial ways. 
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Appendix A  

Table A1 
Means and standard deviations in Introductory Psychology course for each predictor and outcome variable.  

Variable Assignment 2 Assignment 3 Assignment 4 Assignment 5 Assignment 6 

Mean SD Mean SD Mean SD Mean SD Mean SD 

Predictor 
#Long providedJ-1 8.39 7.43 8.00 6.91 7.24 6.56 6.80 6.54 6.41 7.17 
%Long providedJ-1 38% 29% 39% 30% 33% 27% 29% 26% 28% 27% 
Raw Rating inequalityJ-1 0.03 0.65 0.02 0.68 − 0.03 0.59 − 0.02 0.63 0.00 0.73 
Raw #InequalityJ-1 − 0.24 10.94 − 0.21 10.56 − 0.32 11.55 − 0.76 13.41 − 0.28 11.38 
LowJ 0.51  0.53  0.54  0.58  0.35  

Outcome 
#Long providedJ 8.00 6.91 7.24 6.56 6.80 6.54 6.41 7.17 4.98 6.31 
%Long providedJ 39% 30% 33% 27% 29% 26% 28% 27% 21% 25%   

Table A2 
Means and standard deviations in Introductory Biology course for each predictor and outcome variable.  

Variable Assignment 2 Assignment 3 Assignment 4 Assignment 5 Assignment 6 

Mean SD Mean SD Mean SD Mean SD Mean SD 

Predictor 
#Long providedJ-1 2.21 3.07 2.54 3.59 2.73 3.04 2.89 3.09 2.52 2.88 
%Long providedJ-1 23% 28% 31% 32% 34% 31% 37% 34% 35% 32% 
Raw Rating inequalityJ-1 − 0.10 1.69 0.12 2.20 0.28 2.19 0.12 2.11 0.10 2.53 
Raw #InequalityJ-1 0.00 8.11 0.00 7.42 0.00 6.70 0.00 6.98 0.00 7.06 
LowJ 0.40  0.42  0.42  0.40  0.42  

Outcome 
#Long providedJ 2.54 3.59 2.73 3.04 2.89 3.09 2.52 2.88 2.83 3.93 
%Long providedJ 31% 32% 34% 31% 37% 34% 35% 32% 32% 33%   

Table A3 
Means and standard deviations in Advanced Biology course for each predictor and outcome variable.  

Variable Assignment 2 Assignment 3 Assignment 4 Assignment 5 

Mean SD Mean SD Mean SD Mean SD 

Predictor 
#Long providedJ-1 2.54 3.31 8.15 6.38 10.98 10.17 8.28 5.23 
%Long providedJ-1 23% 28% 34% 24% 33% 24% 49% 27% 
Raw Rating inequalityJ-1 0.17 0.95 0.11 0.80 0.07 0.73 0.01 0.82 
Raw #InequalityJ-1 − 0.15 7.43 − 0.13 8.71 − 0.10 21.12 − 0.11 6.72 
LowJ 0.41  0.44  0.45  0.46  

Outcome 
#Long providedJ 8.15 6.38 10.98 10.17 8.28 5.23 6.47 4.79 
%Long providedJ 34% 24% 33% 24% 49% 27% 35% 25%  

Appendix B  

Table B1 
Pearson intercorrelations of mean helpfulness ratings with the proportion of comments 
that are long based upon different length thresholds for defining a long comment.  

Threshold Defining Long Comments Correlation with Helpfulness rating 

10 words 0.08 
30 words 0.18 
50 words 0.20 
100 words 0.12  
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Appendix C  

Table C1 
Item reliability statistics and overall scale Cronbach alpha values for each outcome variable based upon contributions of the variable defined separately on each of the 
first four completed reviews on each assignment.   

N item-test correlation item-rest correlation average interitem covariance alpha 

#Long measure 
1st 2886 .884 .775 1.33  
2nd 2926 .883 .775 1.28  
3rd 2802 .879 .781 1.34  
4th 2734 .837 .711 1.56  
SCALE     .894 
%Long measure 
1st 2487 .864 .721 1.05  
2nd 2429 .857 .722 1.03  
3rd 2312 .847 .715 1.04  
4th 2245 .837 .701 1.03  
SCALE     .859  

Appendix D

Fig. D1. Frequency histograms for the number of comments provided and percent of comments provided that are long on the Jth assignment.  
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