ABSTRACT

RASHID, M PARVEZ. Towards Quality Assessment in the Peer-review Process Using Al and
Learning Analytics. (Under the direction of Dr. Edward E Gehringer).

Peer assessment has been proven to be highly effective for both learning and assessment in
on-campus and distance-learning environments. Its utility is particularly evident in massive
open online courses (MOOCs), where the potentially overwhelming number of students can
challenge the assessment capacity of limited instructional staff. In many MOOC:s, instructor
involvement in assessment is minimal or absent, making peer assessment a crucial alternative.
This process benefits students by providing timely feedback and fostering meta-cognitive
thinking. Previous studies have shown that peer assessors can achieve accuracy comparable to
that of instructors. However, despite its advantages, peer assessment faces scrutiny regarding
the quality and accuracy of the review and the grades provided. Factors such as the helpfulness
and congruence of review comments, as well as the accuracy of ratings, are critical to its success.
Itis important to acknowledge that not every peer assessor is a competent reviewer. The success
of peer assessment relies on the quality of feedback provided by the assessors. Low-quality
feedback can create confusion for the students, leading them to question the credibility of the
review process and the competence of their reviewers.

This dissertation aims to enhance the quality of formative feedback and the accuracy of
summative feedback by leveraging artificial intelligence (Al) and learning analytics. Specifically,
it focuses on improving the three main tasks of the peer assessment process: (1) developing
assessment guidelines, (2) obtaining feedback from peers, and (3) assigning final grades.

In Study 1, we identify the key components of peer review comments that contribute to
more helpful feedback for students. In Study 2, we introduce a natural language processing
(NLP) approach to analyze peer assessors’ rubrics, assisting reviewers in providing high-quality
formative feedback. Disagreements or contradictory reviews from peer assessors can confuse
the reviewers and lead them to question the assessment quality. Study 3 proposes an Al-driven
method to identify and quantify disagreements in formative feedback. Finally, in Study 4,
we infer the effort and reliability of peer assessors by employing Bayesian inference and text
analysis to calculate fair and accurate student grades.
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CHAPTER

INTRODUCTION

1.1 Motivation

Peer assessment in classroom environments involves students evaluating each other’s work,
offering an effective and scalable method of assessment. Peer assessment is beneficial to
everyone involved in the assessment process, including reviewers, reviewees, and instructors
(Kao (2013)). Studies have shown that students learn more from giving feedback than from
receiving it (Rada et al. (1994); Cevik (2015); Li and Grion (2019); Graner (1987); Patchan
and Schunn (2015); Glance et al. (2013)), are more engaged to study, learn actively, and think
metacognitively Gehringer (2014); Veenman (2013); Prins (2002) during the assessment process.
As each reviewer can put more time into providing feedback, reviewees benefit from more
detailed, accurate, and timely feedback (Kulkarni et al. (2015)). Moreover, peer assessment
alleviates instructors’ workloads, allowing them to focus more on students who need additional
support (Joyner (2017)). In both on-campus and online learning environments, peer assessment
is proven to be a reliable and scalable process to assess students’ work (Topping (2010); Yu and
Wu (2011)). It is particularly useful in massive open online courses (MOOCs) where the number
of students for a course has no bounds. For example, in 2018, 1,385 courses in Coursera used
peer assessment, where over 4,000 students made submissions every day for assessment. All

these submissions receive timely feedback from the peer assessors (Cambre et al. (2018)).



In peer assessment, reviewers generally provide two kinds of feedback: formative and
summative (Evans (2013)). For formative feedback, peer assessors write a review comment
analyzing the work. On the other hand, for summative feedback, reviewers provide ratings
or point values. While summative feedback helps assign a grade for an artifact, formative
feedback offers a greater understanding of the work and areas to improve Prins et al. (2005).
However, the learning benefits of peer assessment heavily rely on the quality and accuracy of
reviewers’ feedback. Despite many advantages of peer assessment, this assessment system
is often scrutinized for its quality and accuracy (Wang et al. (2018); Liu and Carless (2006);
Darvishi et al. (2020)). Ensuring consistent and reliable evaluations remains challenging, ne-
cessitating ongoing improvement of peer assessment methodologies. However, Both formative
and summative feedback present significant challenges regarding quality and precision (Wang
et al. (2018); Darvishi et al. (2020)).

For students’ learning gain, it is crucial that reviewees receive comprehensible and ac-
tionable formative feedback from the peer assessors (Evans (2013)). Previous studies have
focused on identifying the components of quality formative feedback (Xiao et al. (2020); Zingle
etal. (2019); Jia et al. (2021)). However, it is critical to identify the qualities of helpful feedback
from students’ perspectives. Studies also identified that feedback quality relies on assessment
guidelines or rubrics (du Toit (2019); Reinholz (2016)). There is a dearth of literature on analyz-
ing rubrics designed for peer assessors. In peer assessment, disagreements or contradicting
feedback are common phenomena and undermine students’ learning experience (Prins et al.
(2005)) when multiple reviewers review a single work. There is no study to identify and quantify
the contradictions in peer assessors’ formative feedback.

Extracting accurate ratings from summative feedback in peer assessment remains a sig-
nificant challenge when multiple peer assessors provide ratings on an artifact. Not all peer
assessors possess the necessary competence for quality assessment (Carless and Boud (2018)).
Traditional peer assessment systems often rely on aggregated mean and median ratings, but
these summary statistics alone do not suffice to provide precise grades for artifacts (Piech
et al. (2013); Darvishi et al. (2020); Zarkoob et al. (2023)). Several studies have attempted to
address this issue by calculating the reliability of peer assessors (Darvishi et al. (2020); Piech
et al. (2013); Zarkoob et al. (2023); Song et al. (2015); Hamer et al. (2005); Lauw et al. (2007)).
However, these studies relied entirely on summative feedback and a single round of assessment
to infer the reliability of peer assessors.

To ensure that peer assessment is accurate, efficient, and trustworthy;, it is imperative to

address the identified research gaps.
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Figure 1.1: Summary of the three core phases in peer assessment and the research problems
we address in this dissertation.

1.2 Goal

This dissertation uses Al and learning analytics to make peer assessment effective, accurate,
and trustworthy for students. For our studies we collected data from real classrooms utiliz-
ing Expertiza (Gehringer (2010)) peer assessment system. In Figure 1.1, we have presented
three core phases in the assessment process and the research problem associated with these
phases. More specifically, we will address: (1) analyzing quality rubric for peer assessors, (2a)
identifying the quality of helpful feedback, (2b) locating disagreement in formative feedback,
and (3) reliability-based aggregated ratings for peers. To make the assessment more effective
and accurate, we must address research problems associated with the three core phases of
peer assessment (Figure: 1.1). We harnessed cutting-edge Al methods and learning analyt-
ics to address our research questions. Figure 1.1 shows a summary of the research problems.
Later chapters discuss the problem and solutions in detail, with evident results. The research

questions we addressed in this thesis are as follows:
1. Problem-1: Analyzing rubrics for quality formative feedback

* RQ1: Which model performs best for classifying quality review text?

* RQ2: Can neural network models detect rubric items that enable peer reviewers to



write quality reviews?

* RQ3: Is there any relation between rubric length or rubric-item position and length

of the comments written by students?

. Problem-2: Analyzing peers’ feedback

(@) Sub-problem-1: Analyzing helpful feedback from students’ perspective.
* RQ1: Can we build a model to accurately detect comments containing sugges-
tions or detecting problems?

* RQ2: Are “quality comments”—those containing suggestions, detecting prob-

lems, or both—actually helpful from the student’s point of view?

* RQ3: Can an automated process effectively identify helpful feedback?

(b) Sub-problem-2: Automated meta-reviewing for locating disagreement in peer as-
sessors’ formative feedback.

* RQ1: Which pre-trained feature extraction methods for context and semanti-
cally related sentences work best?

* RQ2: Can we fine-tune and improve the pre-trained SBERT model’s sentence-
feature extraction for our context-dependent review text using a semi-supervised

approach?

* RQ3: Does improving the sentence feature extraction method improve cluster-

ing performance?

. Problem-3: Reliability-based weighted ratings

* RQ1: Can we estimate peer assessors’ effort in writing formative feedback?

* RQ2: Can we quantify the reliability of assessors from the estimated effort and

ratings they provide?

Chapter 4 will address the research questions (RQ) of Sub-problem-1 under Problem-2 to

identify the qualities of helpful feedback from students’ perspectives. Chapter 5 will address

RQs under Problem-1. we use NLP approach to analyze rubrics to find which rubric items

induce peer assessors to provide quality comments to the reviewer. In Chapter 6, we describe

an Al approach to identify disagreement among the peer assesors. The RQs addresses in

this chapter are under Sub-problem- 2 in Problem-2. In Chapter 7, to addressed RQs under

Problem-3 we implemented a reliability-based grading system using a probabilistic method

that considers both formative and summative feedback to quantify the trustworthiness of a

peer reviewer and provide more accurate grades for the reviewees.
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1.3 Contribution

1.3.1 Identifying helpful feedback from students’ perspective

Chapter 4 of the dissertation identifies the properties of peer review comments that make them
helpful to students. A few previous studies identified helpful review comments that detected (i)
problems in the assessment artifact and (ii) suggestions to resolve the issues (Xiao et al. (2020);
Zingle et al. (2019); Nguyen et al. (2017)). This study analyzes helpful feedback in two steps.
First, various advanced NLP methods are used to identify if any issues were mentioned and/or
a solution was suggested in the review comments. Second, it compared whether mentioning
the problem and/or providing solution suggestions was more helpful to the students. The
results from the experiment suggest that students find review comments more helpful when

an issue in the artifact is mentioned, along with a solution to the issue is suggested.

1.3.2 Analyzing rubrics

Formative feedback provides students with insights into the issues in their artifacts and how
to improve the work. The quality of the peers’ formative feedback in an assessment heavily
relies on understanding the provided assessment criteria (Topping (2009)). A rubric to provide
formative feedback has to be worded carefully. It should provide clear instructions to write
quality formative feedback by the peer assessors (Reinholz (2016)). In Chapter 5, we discussed
an NLP approach to analyze rubric text to identify whether rubric criteria will induce peer-
reviewers to write quality reviews. We have analyzed 408,104 formative feedback comments
based on 3,164 rubric criteria using natural language processing techniques with advanced
neural network methods. To our knowledge, this is the first attempt to analyze rubric prompts
using a supervised machine learning approach to improve review comments for the peer review

environment.

1.3.3 Automated meta-reviewing for locating disagreement in peer asses-

sors’ formative feedback

Disagreement among the peer assessors is common while reviewing the same artifact. However,
contradicting formative feedback can confuse the students, leading them to question the
credibility of the review process and the competency of their reviewers Prins et al. (2005).
Peer assessment has proven to be a valuable tool in the classroom, providing students with
high-quality feedback. The effectiveness of formative feedback in peer assessment depends

on clear communication with students, enabling them to take action on the feedback. Meta-



reviewing the peers’ feedback to identify disagreement is labor intensive for the instructor and
delays feedback to the students. There is a dearth of research on identifying disagreements in
peer assessment. In Chapter 6, we propose an automated meta-review approach to identify
and quantify disagreements in formative feedback. Our approach will assist instructors to
automatically identify cases that require their attention and reduce their burden of meta-review.
We collected three distinct datasets with formative feedback from a software development
course that utilized peer assessment. Recent natural language processing (NLP) models are
trained on massive corpora of text to generate high-quality vector representations of texts. We
compared existing NLP models and fine-tuned them to produce high-quality feature vectors
from feedback full of technical jargon and inconsistent English. Our results demonstrate that
quality feature representations of text improve the performance of the clustering algorithm in

identifying and quantifying disagreements in formative feedback.

1.3.4 Reliability-based aggregated grading

Peer assessment is a long-established method to rate students’ work in educational environ-
ments. As each peer can devote more time to assess each artifact than the instructor can, the
assessment can be of higher quality (Kulkarni et al. (2015)). However, not all the peer assessors
are competent (Carless and Boud (2018)). Engaging the instructor to identify the peer assessors’
competency imposes more work on the instructor than simply rating the artifacts him/herself.
To make the peer assessment more reliable, more than one reviewer is typically assigned to
assess an artifact (Zarkoob et al. (2023)). Although deploying multiple reviewers increases the
credibility of the assessment, it also introduces a new challenge of aggregating ratings from
multiple peer assessors. As peer assessors rate each artifact independently, the rating scores
may differ.

Many peer assessment systems rely on summary statistics to provide aggregated ratings
to the reviewees. One issue with summary statistics, such as the mean or median, is that they
incorporate scores from unreliable peer reviewers (Darvishi et al. (2020)). A better approach
is to calculate an aggregated score by weighting peer assessors’ ratings based on reliability
(Darvishi et al. (2020); Piech et al. (2013); Zarkoob et al. (2023); Song et al. (2015); Hamer et al.
(2005); Lauw et al. (2007)). Using Equation 1.1 we can calculate the weighted score (S;) of a
peer assessor (j), where w; indicates the reliability score of a peer assessor.

n
5 = Zizlnwi X 8i; (D)
Zi:l wi

Competency-based score aggregation is a more reliable method to assess students (Piech



et al. (2013); Darvishi et al. (2020); Zarkoob et al. (2023)). However, this approach requires
quantifying the reliability of peer assessors. A generic approach is to quantify competency
by considering the grading history of peer assessors’ grading quality. The current reputation
systems consider only the summative ratings from the peer assessors to calculate a reputa-
tion score. It is important to include both summative and formative feedback quality while
calculating the reputation score of a peer assessor.

In Chapter 7, we propose a probabilistic method based on the Bayes inference model to
quantify the reliability of peer assessors that incorporates the textual feedback quality as well

as the accuracy of ratings provided by the assessors.



CHAPTER

2

RELATED WORK

Peer assessment plays a significant role in both brick-and-mortar classrooms and MOOCs to
conduct assessment. MOOCs generally have a large number of participants, as a result, the
manual grading of assignments and exams is impractical for the relatively small teaching teams.
To evaluate participants’ performance, instructors depend on tools that facilitate automated
grading (Gamage et al. (2021)). Large classrooms commonly use multiple-choice questions
(MCQs) to make the assessment convenient (Staubitz et al. (2020)). However, multiple-choice
quizzes are inadequate for evaluating higher-level learning that surpasses the lower tiers of
Bloom’s taxonomy (remember, understand, apply) (Churches (2008)). Open-ended assessment
is beneficial for learning, but it puts more of a burden on the instructor to grade the students.
With the recent enhancement of Al tools, open-ended questions can be automatically assessed.
Despite a steady increase in research publications in this area, the results of automated assess-
ments are often mixed, and their validity may be questionable (Huawei and Aryadoust (2023);
Sanchez-Prieto et al. (2020)). Peer assessment is especially significant because it is the only
method that allows course instructors to incorporate open-ended and creative assignments
into their courses (Gamage et al. (2021)).

While peer assessment plays a crucial role in enhancing learning with open-ended and
creative assignments, it frequently faces scrutiny regarding assessment quality and accuracy.
This thesis tackles research challenges in the three core phases (Figure: 1.1) of peer assessment.



In this chapter, we will review the relevant literature that has inspired our work. In Section 2.1,
we discuss background studies on the components of helpful feedback in peer assessment. In
Section 2.2, we discuss the literature on peer-assessment rubrics and their qualities. In Section
2.3, we present literature on finding incoherent review comments. In Section 2.4 we discuss

literature on enhancing the accuracy of summative feedback in peer assessment.

2.1 Helpful feedback from Students’ perspective

In peer assessment, assessors provide feedback in two main forms: textual feedback, which
is qualitative and typically used for formative purposes, and numerical scores on a Likert
scale or point-based, used for calculating summative grades. Most online peer-assessment
platforms utilize both types of feedback. However, numerous studies indicate that students
benefit more from formative feedback as it provides insights into their work (Rada et al. (1994);
Cevik (2015); Li and Grion (2019); Graner (1987)), and engages them in active learning and
promotes metacognitive thinking (Gehringer (2014)). On the other hand, du Toit (2019) showed
that with poor reviews, students were confused about the quality of their work, sometimes
feeling a false sense of accomplishment. Effective peer learning hinges on the quality of reviews
offered by student peers. This section discusses related work that guided us in identifying the
properties of quality formative feedback that students find helpful and methods to identify
those qualities in peers’ reviews.

According to Hattie and Timperley (2007), model feedback must answer three major ques-
tions. First, Where am I going? (What are the goals?). Second, How am I going? (What progress is
being made toward the goal?) and third, Where to next? (What activities need to be undertaken
to make better progress?). This implies that quality feedback in the education domain should
include the specification of a problem that a student should work on as his/her goal and a
suggestion to make progress on how to reach the goal.

Nelson and Schunn (2009) examined five features of feedback (summarization, specificity,
explanations, scope, and effective language) that constitute good-quality reviews, and the
correlations among them. Their study divided the features of feedback into cognitive and
affective components. According to their findings, summarization, specificity, explanations,
and scope are cognitive in nature. Cognitive features of a review are expected to most strongly
affect understanding. This explanation helped us to identify suggestions and problem detection
as a property of quality feedback.

McGrath and Taylor studied students’ perception of helpful feedback for writing perfor-
mance (McGrath et al. (2011)). Their study defined quality feedback (“developed feedback”) as

clear, specific, and explanatory in nature. They measured students’ perception of developed



feedback by having them rate the feedback on a Likert scale. The results showed that students
rated developed feedback highly for helpfulness.

A survey of 44 students done by Weaver (2006) showed that, in order to use the feedback,
students needed advice (suggestions). The analysis of the feedback content and students’
responses uncovered that vague feedback (e.g., “Good job”) is unhelpful, lacking in guidance
(void of suggestions), or focused on the negative (mentioning only problems), or was unrelated
to assessment criteria.

Ramachandran et al. (2017), developed an automated system to evaluate reviews and show
how they compared to other reviews for the same assignment. They extracted attributes like
relevance to the submission, content, coverage, tone, and volume of feedback to identify a good-
quality review. They constructed word-order graphs to compare the reviews with submission
text and extract features from the reviews.

To identify localization (where the review pinpoints the 