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Abstract

This research developed an approach to integrate the complementary benefits of

digitized assessments and peer learning. Its basic premise and associated hypotheses

are that by using student assessments of correct and incorrect quiz answers using a

fine-grained resolution to pair them into remediation peer-learning cohorts is an

effective means of learning. Delivered and scored in a computer-based testing center,

the assessment of digitized formative quizzes paired students whose scores indicated

a different knowledge skill level so that by the end of the same week as the quiz, the
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paired students cooperatively took an in-class quiz during a remediation session to

determine if there were any learning improvements. This research article discusses

this research approach and presents the findings.
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learning analytics, computer-based testing, peer teaching and learning

Motivation

Formal education of the Science, Technology, Engineering, and Mathematics

(STEM) disciplines emphasizes the importance of team design, group

problem-solving, and project collaboration to develop better results that are

more effective. STEM, of course, includes the electrical and computer engi-

neering (ECE) and computer science (CS) disciplines. Within the past two

decades and into the foreseeable future, team design and team development

skills have attained increased importance as the complexity of science and

engineering problems grows significantly (Lin & Lai, 2013). This rising tide

of complexity necessitates future graduates at all levels within STEM fields to

function effectively as disciplinary specialists who need to work closely

together and interact frequently during most phases of research and product

development. While always an integral element of STEM curricula, the

research emphasizes the benefits to learners immersed in collaborative learn-

ing activities to elevate the needed proficiencies of team-based skills (R. F.

DeMara, Salehi, Chen, & Hartshorne, 2017). Thus, forward-looking educa-

tional technologies that demonstrate significant benefits for team-based

instruction have become a high priority of researchers. From an applied

standpoint, these advancements affect a broad range of STEM fields wherein

lab partners, group project teams, collaborative design projects, senior design

courses, and even STEM teacher participants in research experiences for

teachers programs rely heavily on collaborative learning (Karbalaei,

Turgut, Dagley, Vasquez, & Cho, 2018; Vasquez, Dagley, Karbalaei, Cho,

& Turgut, 2019).
The research herein explores the extension of peer-learning activities by

leveraging digitized formative assessments within a single ECE and CS curric-

ulum. A promising pathway should first focus on optimizing the formation of

learner teams based on data mining and statistical algorithms to structure

diverse learner teams that possess complementary skills. These may include

at-risk learners that can benefit from placement on teams with other students

who have already mastered those complementary skills. This article investigates

the use of a combination of innovative data mining and statistical analysis
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methods of student assessments to advance digitally mediated team building.
Thus, it demonstrates a low-cost overhead and feasible approach to increase
learning outcomes.

Research Objectives and Approach

Over recent years, the feasibility of digitized assessments within the ECE and CS
disciplines continues to receive increasing attention (Chen, DeMara, Salehi, &
Hartshorne, 2017; Schurmeier, Shepler, Lautenschlager, & Atwood, 2011; Zilles
et al., 2015). Nonetheless, challenges facing digitization of assessments remain
within technical curricula. For example, equitable mechanisms for partial credit
assessments, grading of handwritten work, and the evaluation of creative design
aspects are not available within the constraints of contemporary learning
management systems (LMSs; R. F. DeMara et al., 2016). In this study, all
computer-based testing occurred in a lockdown and proctored environment to
enable instructional technologies to advance the following objectives:

Objective #1: Conduct fair auto-grading such that the automated grading system

allows instructors and graduate teaching assistants (GTAs) to quickly grade mul-

tiple assignments of formative assessments for ECE/CS course content.

Objective #2: Generate skill-efficacy data to form peer-learning cohorts to remedi-

ate the knowledge gaps uncovered by the digitized assessments.

Objective #3: Reallocate the time of the instructor and GTAs involved in low-gain

tasks, such as grading, and redirect that time toward conducting more impactful

lectures as well as recitation sessions involving remedial exercises with peer-

learning cohorts.

To address Objective #1, the research study investigated the effects of both the
delivery of conventional, in-class paper-based exams as well as computer-based
exams. The computer-based testing occurred within the Evaluation and
Proficiency Center (EPC) that has a specific testing and tutoring center staffed
by part-time GTAs and located within the College of Engineering and
Computer Science (R. F. DeMara et al., 2016). The secure EPC delivery
system allows students to complete quizzes asynchronously at a time of their
convenience within the center’s hours of operation. This process requires min-
imal faculty intervention, as detailed in this section.

To address Objective #2, the formation of peer-learning cohorts included
matching students with complementary knowledge gaps and skill efficacies.
The formation of these automated learner cohorts involved chi-square testing
and clustering analysis determined from formative student assessments over five
quizzes given during the semester. Within each peer-enhanced learning cohort,
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students who had already acquired a particular skill became matched with those

students who were deficient in the same skill, and vice versa. This approach facil-

itated the scalability of large enrollments and maximized opportunities for students

to teach each other material that they already mastered or needed learning.
To address Objective #3, students had a 2-day window early in the week to

asynchronously schedule and take a computer-based quiz in the EPC. The EPC

quizzes used clone questions (multiple versions of similar test questions structured

with similar settings as a standard boilerplate quiz) for each delivery instance to

prevent cross talk among students. On Friday of the same week, the students were

paired randomly or intelligently to conduct various remediation activities for

extra credit in groups of two to four students. The formation of the intelligently

clustered remediation groups used individual quiz results and paired students who

incorrectly answered a portion of the quiz with students who answered that por-

tion correctly and vice versa. As a participation incentive, students could recoup a

portion of their lost quiz points by taking the collaborative remediation quiz.
The study revolved around the course entitled COP4331: Processes for

Object-Oriented Software Development, required for all graduating seniors in

ECE and CS. One section used the EPC (Efficiency and Proficiency Center)

for computerized formative assessments. The test population was students

enrolled in a large state university during the Fall 2017 semester and organized

into a double-blinded study design as shown in Figure 1. The institutional

review board (IRB) approved the randomly partitioned COP4331 students

from two different sections into one control and two intervention groups. The

intervention section used digitized assessments and became part of the crossover

study with the control section. Group 1 consisted of the control group who used

paper-based formative assessments, whereas Groups 2 and 3 consisted of the

intervention group who used computerized formative assessments. All quizzes

contained similar questions, and the final exam was paper-based and identical

Figure 1. Double-blind study design.
PLC¼ peer-learning cohorts.
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for all groups. Also, for Groups 2 and 3, the computerized assessments and

remediation sessions were identical.
Figure 1 depicts the process of the formative assessments delivered to all three

groups as either a paper-based assessment (PBA) for Group 1 or a computer-

based assessment (CBA) for Groups 2 and 3. Within the latter, random selection

determined if a student would fall into a randomly assigned cohort team or an

intelligently assigned cohort team for peer-learning purposes. The Automated

formation of Peer-Learning Cohorts (Auto-PLC) assigned members to the intel-

ligently assigned teams.
In addition, collected data included pre/post surveys of the students’ percep-

tions, student achievement scores from formative and summative assessments,

as well as time logs of the instructors and GTAs.
Based on the aforementioned findings, the following research questions

(RQs) arose:

RQ#1: Do paper-based quizzes and computerized quizzes result in comparative

scores?

To answer this question, the study formed two separate sections of the course

delivered by two different instructors. One was the control group using PBA

with 86 students, and the other was the intervention group using CBA with 120

students. As stated earlier, both groups took a traditional paper-based final

exam; however, all quiz and most final exam questions were identical in both

sections; but to prevent crossover questions, many of them were cloned ques-

tions (variations of the same questions; R. F. DeMara et al., 2016).

RQ#2: Are computerized questions adequate to evaluate selected ECE and CS skills?

The formulation of cohorts in the intervention section used correlation statistics

against a rudimentary skill set taxonomy. The taxonomy abstracted 20 signifi-

cant elements presented in lectures as well as in the textbook and mapped into

each digitized formative assessment. The randomized digitized quiz questions

had multiple versions and tested all skill sets within each quiz. Questions for

each skill set contained problems that challenged students to apply their engi-

neering skills and design strategies. The data collected pointed to an affirmative

answer to this RQ as evidenced by beneficial shifts between precourse and

postcourse perceptions surveys collected anonymously. In all, 53 out of 86

students submitted survey responses.

RQ#3: Do students gain learning benefits, as evidenced by higher achievement on

summative assessments, by participating in peer-remediation groups during recitation

sessions?
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We address this RQ by comparing the EPC-delivered computer-based quiz
results and the postremediation assessment results within a uniform paper-
based summative assessment. However, in some cases where there were no sig-
nificant difference scores, there can be some assumption that students adequate-
ly acquired the content directly from the lectures or on their own. Otherwise,
remediation activities did help students with low scores improve their mastery of
the material. In other words, by achieving positive results after remediation, the
interpretation is that students resolved their knowledge gaps as supported by
their responses on the computer-based quizzes.

RQ#4: Do peer-learning cohorts that are formed via intelligent clustering outperform

peer-learning cohorts that are formed randomly?

To investigate this RQ, the analysis of the mean scores of postremediation
assessments took place. Because the recitation sessions contained both random-
ly as well as intelligently clustered learning teams, as shown in Figure 1, subse-
quent assessments measured the differences in achievement using random
matching compared with the Auto-PLC intelligently clustered peer-learning
cohorts. Because a study assistant performed the analysis, it remained blind
to both students and instructors. However, as discussed earlier, comparisons
of student performance in the formative assessments revealed that students in
the intelligently clustered groups outperformed students in the randomly clus-
tered groups.

Selected Related Works

Digitized Assessments Within Engineering Curricula

Recent advances in testing center design and pedagogies address the support for
design skills, partial credit, scanned scratch sheets, and remedial tutoring for
problem-solving for ECE and CS courses referenced in the EPC (R. F.
DeMara et al., 2016). This infrastructure promulgates an integrated testing and
tutoring methodology to support a broad range of STEM programs (R.F.
DeMara, Chen, Hartshorne, & Zand, 2017). Digitization enables auto-grading
of assessments and alleviates grading tasks that allow greater one-on-one or group
tutoring to realize high-gain teaching and learning activities. Therefore, the 120-
seat capacity EPC supports low-cost assessments and enhanced remediation as
well as rapid feedback. It is an effective approach for the mastery of course
material and a guidepost for other instructors to follow (Anderson, Krathwohl,
& Bloom, 2001). Also, the Testing Effect of formative assessments requires learn-
ers to recall knowledge while taking closed-book, proctored quizzes, rather than
open-book efforts such as homework or online in-home quizzes. Furthermore,
this effect increases learning outcomes, even for the most complex material

6 Journal of Educational Technology Systems 0(0)



(Rawson, 2015). Thus, proctored testing can invoke the Testing Effect more fre-
quently through in-person digitized formative assessments as learners elevate their
engagement and take ownership of their learning outcomes, in place of low-gain
homework submissions. Testing proctors and the use of lockdown browsers pro-
vide high-integrity delivery assessments without Internet aides and prohibit ques-
tion archiving and multicasting to other students (R. F. DeMara, Salehi, &
Muttineni, 2016). Services provided by the EPC infrastructure include quiz
appointment scheduling, student authentication, stowage of unauthorized materi-
als, pre/posttutoring, and self-paced solution review. Faculty services include
turnkey delivery of the primary and make-up exams, proctoring, scratch paper
scanning, auto-grading, gradebook entry, and video attendance recording.

Formation of Peer-Learning Cohorts as a Remediation Strategy

A two-stage exam is a well-documented method for using assessments to
increase student learning rather than a single exam used for grading. The first
stage of the CPA is the individual EPC assessment followed by a cohort reme-
diation assessment. The determination of the final grade is the combination of
the individual and cohort assessment scores. This method demonstrated an
increase in performance for all group members including the individual perfor-
mance of the higher ability group members (Heller, Keith, & Anderson, 1992;
Michaelsen, Knight, & Fink, 2004). However, this only holds when groups are
instructor-formed and intentionally molded to be diverse.

The characteristics of the group diversification depend on the intended out-
come of the assessment. For example, if the outcome of the learning experience
is to develop problem-solving skills, it is most effective to form groups that are
heterogeneous in terms of their problem-solving abilities. In these groups, the
high-ability members can explain concepts and strategies to low- or medium-
ability members. On the other hand, low- and medium-ability members are more
likely to point out simple ideas that high ability performers might overlook thus
making them less efficient at solving the problem (Heller & Hollabaugh, 1992).
Therefore, in ECE and CS courses, the use of students’ ability levels to form
effective cohort groups helps obtain positive outcomes toward necessary
problem-solving skills.

Formation and management of large class student teams is a challenge.
Assessing student skill sets and then grouping them based on skill levels can
be chaotic when the typical size of a class is more than 100 students. However,
digital tools recently introduced for other disciplines facilitate such activities
(Loughry, Ohland, & Woehr, 2013). Therefore, digitally mediated team forma-
tion based on student assessment data is a necessity for effective group forma-
tion in large ECE and CS classes.

Beyond the delivery of tests, additional instructor and GTA-guided remedi-
ation also become possible when adopting digitized assessments. This includes
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the learning advantages resulting from the time saved from immediate CBAs
versus a paper-based one, which typically requires a week or more to turn-
around grades. It can also pioneer a novel Peer-Learning Cohort technique
where self-motivated learners in search of partial credit can explain their
problem-solving flow in hopes to improve their grades. To make this possible,
the EPC scans student handwritten scratch worksheets used during their assess-
ment. When a student presents him or herself to explain their solution in their
own words in hopes to receive more credit, the GTA uses these scanned sheets.
This first-line remediation can result in assessment regrading and provides addi-
tional teaching feedback to the student as well as the instructor. Therefore,
CBAs can increase student engagement through in-person tutoring interweaved
with Socratic discussions all of which foster metacognition (R. F. DeMara et al.,
2017b). Figure 2 depicts learners conducting a secure self-paced review of their
formative quizzes by engaging in Socratic questioning to gain partial credit
based on scanned scratch worksheets. Thus, the EPC extends the promising
aspects of an Open Tutoring Center with tutors available for targeted assistance
(National Academy of Sciences, National Academy of Engineering, & Institute
of Medicine, 2007) where the authors pointed out the absence of an effective,
integrated, and verifiable assessment methodology. Furthermore, Auto-PLC
builds on the benefits of peer learning (Watkins & Mazur, 2013) to extend the
advantages of previous works (Jansson, Ramachandran, Schmalzel, &
Mandayam, 2010) using learning analytics to form the peer-learning cohorts,
as identified later.

Figure 2. EPC peer-learning cohort.
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This project investigated the potential to find a broad vision to leverage peer
learning realized through learner modeling and data mining techniques to simul-
taneously increase engagement, quality, creativity, and integrity beyond existing
pedagogies (R. F. DeMara, Salehi, Khoshavi, Hartshorne, & Chen, 2016; Squire
& Patterson, 2010; Teacher Advisory Council, 2009). This occurs during recita-
tion and is responsive to learners’ behaviors; thus, it supports interactions
within the small window between instructional processes and assessment
events. By leveraging student achievement data, digitally mediated adaptive
team formation, and real-time monitoring to sustain instantaneous modeling
of the learner, it increases the likelihood of outcomes that are highly transport-
able across a wide range of STEM disciplines and levels to transform the efficacy
of hands-on learning. For instance, Beck (Xiong & Beck, 2014, 2015; Xiong,
Wang, & Beck, 2015) and many others (Heffernan & Heffernan, 2014;
Koedinger & Aleven, 2007; Razzaq & Heffernan, 2006) identified trade-offs in
learning outcomes with online formative assessments through immediate feed-
back. When the student uses feedback, it becomes a tool for continuous growth
(Epstein, Lazarus, Calvano, & Matthews, 2002; Kulik & Kulik, 1988; Webb,
Stock, & McCarthy, 1994).

Table 1 summarizes related works using dynamically formed peer cohorts.
Srba and Bieliková (2012) addressed the creation of dynamic short-term groups
to improve the process of collaborative learning through an approach
applied iteratively on a platform named PopCorm. Personal characteristics
including students’ knowledge, interests, and other personal characteristics are
used as initial system inputs. Then, the system continuously recorded each
student’s previous collaboration performance the formation of future groups.
Their experimental results revealed that the proposed approach outperformed
two other group approaches in terms of user evaluation and feedback. Srba and
Bieliková (2015) further improved their approach by creating dynamic short-
term team formations, irrespective of student achievements. This approach con-
sidered a student’s previous collaboration groupings and adjusted the input
parameters to provide better support for their preferences during subsequent
collaborations. Their experimental results showed that the study groups created
by their proposed method achieved a higher collaboration quality in comparison
with other groups. Henry (2013) used a novel group formation system that
provided an interactive environment that allowed the instructor to experiment
with different grouping parameters and algorithms in groupformation.org web-
site. The favorable evaluations of this system involved informal surveys and
discussions with students. In their experiment, most groups worked well togeth-
er in completing successful semester projects and reported high satisfaction with
their group learning activities.

The Auto-PLC uses a dual-pronged approach. One that interweaves digitized
assessments and collaborative learning approaches to successfully remediate
formative assessments and deliver knowledge refinement.

DeMara et al. 9
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One study proposed two-person team formations and methods for in-class

group work for CS courses (Deibel, 2005). The goal was to increase interaction
and promote participation among students. The first method, called the

latent jigsaw method, assigned groups based on prior student knowledge.

The second method used Felder-Silverman learning to promote participation by

considering students’ personality types. Both methods performed very well in

terms of the quality of collaborative learning and students’ attitudes toward in-

class group work. In another study, Meyer (2009) proposed a web-based decision

support system for the instructor to effectively form groups by considering dif-

ferent self-designated parameters. This proposed system worked in four steps:

gathering preference data from students, carrying out an optimization, modifying

the resulting assignment, and communicating the assignment to the students.

Also, when addressing learning benefits and automation, there appears to be a

significant potential for learner cohort formations to become more advanced than

those mentioned earlier. The following methods follow address some new
approaches.

Auto-PLC Approach

Methods Employed

The Auto-PLC, as depicted in Figure 3, incorporates the Testing Effect of

Roediger and Karpicke (2006) by leveraging collaborative learning and incor-

porating collaborative learning activities (e.g., Think-Pair-Share, peer tutoring,

jigsawed learning, etc.). According to Craven and Cooper (2016), these

approaches can increase student performance in STEM courses and contribute

to a learner’s content knowledge while cultivating vital 21st century cross-

cutting skills needed for long-term success (Craven & Cooper, 2016). Past

research recognized that appropriate grouping strategies could elevate academic

Figure 3. Auto-PLC approach.
PLC¼ peer-learning cohorts.
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achievement within learning groups (Thomas, Bonner, Everson, & Somers,
2015). While there has been some success with computer-assisted grouping, it
is known that groupings that remain static can yield mixed results (Muuro,
Oboko, & Wagacha, 2016).

This study invoked a novel approach by allowing groupings to be fluid
and facilitating adjustments throughout the curriculum as indicated by the
learners’ needs.

The matching process begins by isolating each student’s quiz scores for all
questions as illustrated in the sample case in Figure 4. This quiz contained seven
questions in true/false, multiple-choice, and matching formats. The students
versus questions matrix indicates the correctly answered questions for each stu-
dent. In this example, each matrix column refers to a particular question, and
there is a row for each of the 120 students. There is either a one or zero to
indicate correctly or incorrectly answered questions, respectively. Furthermore,
the seven questions were mapped onto four skill sets: program-level testing
(three questions), integration testing (two questions), programming practice
(one question), and box testing (one question). A mapping of skills to students
in the student versus their skills scores matrix (columns are skills and rows are
students) indicates how each student scored for each skill set. Each cell contains
the maximum value obtained for each skill set, depending on the number of
correctly answered questions asked for each skill set. For example, program-
ming level testing skill cells could have a maximum value of three, correspond-
ing to each of the three questions about this skill. Furthermore, the
programming practice skill cells could have the maximum value of one. This
scoring process is completed for each skill set. Using the student versus their
skills scores matrix, the chi-square method compared students where the chi-
square distance provided a number to assess the similarity of any two students.
If the chi-square distance was equal to zero, this implied that the students’ skills
were identical. As the distance grows, the similarity between them decreases
according:

Figure 4. Intelligent clustering of students to form peer-learning cohorts using their detailed
formative quiz results.
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Chi� Square Distance ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX ðai � biÞ2

length

s

Also depicted in Figure 4, is the Auto-PLC constructed students’ pairwise
similarity matrix that has as many columns as rows for each of the students.
Each row corresponds to a specific student, and the column value indicates
the chi-square distance of that student to all other students. Auto-PLC selects
a random student (row) and obtains the student (column) who has the highest
chi-square score, thus selecting the student whose skill score was of the most
distant. Iteratively, the process selected the farthest skill score from the
remaining students until groups of two or four were formed. When placing
members in a group, Auto-PLC removed all of the rows and columns of the
placed members so that they would no longer be available for evaluation. The
number of students placed in the cohorts changed during the semester. For
example for Quiz 4, Auto-PLC created groups of four students, whereas, for
Quiz 5, it created groups of two (pairs) to study the effects of group size. As
outlined earlier, Auto-PLC simply identified students who differed the most in
the chi-square distance and completed the pairing based solely on this crite-
rion. The basis of diversity selection looked only at picking students who
achieved high scores for a skill with those who achieved lower scores for
those same skills. The process of constructing a new students’ pairwise simi-
larity matrix occurred for each of the five assessments to form real-time intel-
ligent clustering (see Table 2).

Table 2. Skills Assessed in Quizzes Used to Construct the Skill Matrices Defined in Figure 4.

Quiz 1 Quiz 2 Quiz 3 Quiz 4 Quiz 5

� Software

development

terms

� Software engi-

neering process

roles

� Development

team members

� Development

phases

� Critical path

method

� UML class dia-

grams

� Software engi-

neering process

roles

� Use case

diagrams

� Architecture

concepts

� Object-

oriented

programing

and UML

� Coupling and

cohesion

system-level

testing

� Programming

principles

� Integration

testing

� Box testing

� Program-level

testing

� System-level

testing

� Testing team

� Simulator

� Testing and

training

documents

Note. UML¼Unified Modeling Language.
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Digitized Assessment and Remediation Design

To investigate the effectiveness of CBA relative to PBA assessments, each sec-
tion used a different delivery format, and the results of the two sections were
compared. As previously mentioned, the PBA assessments used a traditional
classroom setting with TAs serving as in-class proctors. The CBA computer-
based exams were delivered in the EPC, where proctoring was provided by the
EPC staff who were not necessarily educated in any of the tested material.
The EPC configuration used a lockdown browser to restrict Internet access
and increase the integrity and security of the quizzes.

Also previously mentioned, the EPC quiz questions used formula-based for-
mats with randomly instantiated values to help prevent cross talk among stu-
dents over the 2-day examination period and used the Canvas-based LMS to
deliver the quiz. There were a total of five quizzes scheduled throughout the
semester as shown in Figure 5. Student progress was assessed for Knowledge
Acquisition using the Assessment Instrument and finally knowledge acquisition
during the Knowledge Refinement phase. For each quiz, of the 206 students in
both sections, approximately 42% of the students underwent PBA, while the
other 58% underwent the CBA. The composition of both the PBA and CBA
quizzes used essentially the same questions with similar content and format.
Each quiz consisted of 5 to 10 questions with a time limit of 30minutes.
The quizzes used three forms of questions: multiple choice (single and multiple
answers), matching, and true and false.

Figure 5. Course flow used in the study. Percentages indicate the weight of each activity
toward the final course grade.
IRB¼ institutional review board; PBA¼ paper-based assessment; CBA¼ computer-based
assessment.
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Scoring Procedures and Implications

The five quizzes given to the students throughout the semester eliminated the need
for two midterm exams as normally given in previous semesters. Again, the CBA
quizzes allowed students to schedule and take them on either of two consecutive
days at the beginning of the week followed by a remedial quiz given on Fridays of
the same week. The remediation quizzes allowed students to earn given extra credit
for correct answers. There were several issues about this format arose. A major
concern was to what benefit was it to a student who personally mastered the quiz

when he/she was paired with a student who did not master the quiz? It turned out that
most students who performed well on the quiz were eager to teach their mastery of
the subject to those who did not perform well. This result is consistent with the
findings in previous studies in which high-performing students were able to recog-
nize subtle mistakes in their problem-solving process when explaining it to others
(Heller & Hollabaugh, 1992). Because the remediation was extra credit and not
graded as a quiz, it led to an environment of little or no risk and lowered the
barriers of reluctance. In addition, the remediation opportunities of those that
scored better also benefited them in gaining leadership skills, reinforcing their
mastery, and a feeling of accomplishment by contributing to the success of a

fellow student. Besides, the higher scoring students were probably motivated by
the fact that when adding in their extra credit score, a positive remediation extra
credit score could make a difference between a plus or minus on their overall
semester letter grade. Also, it elevated the soft skills of everyone involved in
such areas as communications (needed for job interviews), problem-solving, work-
group participation, and so forth. In Delivery Results section, this report addresses
these benefits. The extra credit scoring on the PBA was not possible because there
were no remediation quizzes. However, it was possible to convert the majority of
the CBA questions into a paper format for the PBA assessments, which reduced

quiz preparation time. However, it was easier for the PBA students to receive
partial credit on their quizzes because the GTA’s graded them manually.
These differences could have a subtle effect on the comparisons between the
PBA and CBA approaches. The CBA approach employed machine- and
human-based mechanisms, and the students could use scratch paper while
taking the quiz. The EPC scanned and saved the scratch papers and accessed if
a student requested a score clarification session with a GTA. This capability was
possible because of extended GTA office hours, which were possible due to their
reduced grading workloads. The LMS automatically posted the quiz grades for the
CBA section.

Delivery Results

This section outlines the results of the RQs identified in the Research Objectives

and Approach section. As mentioned previously, this research assessed the
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effectiveness of a double-blind -approved study conducted in COP4331 with 206

undergraduate students in two different sections during the Fall 2017 semester.

Of that total population, 86 students comprised the control group that under-

went the PBA without remediation (see Figure 5). The remaining 120 students,

the intervention group, enrolled in the other section, which employed the CBA.

The CBA was further divided into two subgroups labeled Group 2, composed of

randomly clustered remediation groups, and Group 3, composed of intelligently

clustered remediation groups. At the end of the semester, all students from both

sections took an identical paper-based final exam that provided a basis of

comparison.

Participant Demographics

The subgroups in the CBA were comprised of randomly clustered or intelligent-

ly clustered remediation groups and ranged in age between the age of 19 and

49 years, with a mean of 23.025 and a standard deviation of 3.82. Of the total

population, males accounted for 91.7% (n¼ 110) and females 8.3% (n¼ 10).

Approximately, 54.1% of the participants (n¼ 65) were White, 24.2% (n¼ 29)

were Hispanic, 9.1% (n¼ 11) were African-American, 8.3% (n¼ 10) were Asian,

1.7% (n¼ 2) were multiracial, 0.8% (n¼ 1) were Hawaiian/Pacific Islanders, and

1.7% (n¼ 2) were unspecified. Undergraduate seniors accounted for the major-

ity, that is, 89.25% (n¼ 108) of the participants, while juniors comprised

10.75% (n¼ 11). There were two second-degree seeking students, and all but

one student was either Computer Engineering (n¼ 44) or Computer Science

Bachelor of Science majors (n¼ 75). The one exclusion was one student who

was majoring in Public Relations. Several had undergraduate research experi-

ences (Turgut, Massi, Bacanli, & Bidoki, 2017).

Data Collection and Analysis

The study collected both quantitative and qualitative data. Quantitative data

included student assessment scores, self-reported survey results, and the GTAs’

time logs. Qualitative data comprised of the instructor’s perceptions. The inter-

pretation verified the quantitative analysis results. With permission, student

scores from both the CBA and PBA assessments of all five quizzes along with

the final exams were combined for further comparative analysis and to test each

RQ. The following is a summary:

Learning outcomes (RQ#1): Do paper-based quizzes and computerized quizzes result

in comparative scores?

The intent was to determine whether paper-based quizzes and computer-based

quizzes resulted in comparable achievement scores. Table 2 shows that the
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students undergoing computer-based delivery achieved higher scores on Quiz 2,
while the reverse is true to a slight extent for Quiz 3. By making adjustments for
the impact of guessing in the computer-based deliveries (each question had eight
or more possible choices), comparable results were obtained for Quiz 4 and Quiz
5, which showed no significant differences in scores. Irrespective of the course
material and delivery methods used, the evidence supports a positive answer to
RQ#1.

Table 3. Quiz Scores Obtained Using Various Modes of Delivery.

Assessment Measures

Paper-based

delivery group

Computerized

random group

Computerized

Auto-PLC group

Quiz 1 M 71.5% 69.5% 70.2%

SD 13.4% 15.4% 17.5%

N 83 61 57

Quiz 2 M 46.6% 61.4% 63.1%

SD 19.2% 14.7% 12.1%

N 80 57 60

Quiz 3 M 76.1% 71.9% 71.9%

SD 15.6% 19.6% 15.8%

N 84 57 62

Quiz 4 M 81.6% 82.6% 83.8%

SD 13.2% 14.5% 13.6%

N 85 60 56

Quiz 5 M 84.1% 82.4% 84.2%

SD 10.8% 16.5% 10.6%

N 84 55 64

Exam 1 free response M 59.5% 68.0%

SD 15.2% 11.6%

Exam 2 free response M 46.1% 45.7%

SD 11.4% 12.8%

Final exam (paper-based) M 82.9% 80.9%

SD 9.0% 9.4%

Note. PLC¼ peer-learning cohorts.

Table 4. Digitization Equivalency—Final Exam.

Measures

Control: formative

via PBA

Intervention: formative

via CBA

M 82.9% 80.9%

SD 9.0% 9.4%

N 85 119

Note. PBA¼ paper-based assessment; CBA¼ computer-based assessment.
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The research also studied student achievement related to the delivery assess-
ment methods from several topics on the final exam. Tables 3 and 4 summarize
these results. Students from both delivery methods statistically scored similarly
on the final exam. The use of the EPC allowed the GTAs to efficiently manage
their student support time, which allowed more time for student tutoring.
In addition, the instructor of the CBA section was able to gain two extra lecture
periods normally spent to administer the five quizzes during lecture hours.

Digitization equivalency (RQ#2): Are computerized questions adequate to evaluate

selected ECE and CS skills?

This question relates to a student’s ability to sufficiently refine their skills when
using CBA assessments. A comparison using an identical paper-based final
exam for both sections equitably compared the two sections. Table 4 indicates
that the students were able to acquire the expected skill set from either of the
two delivery assessment techniques. The performance on the final exam for the
PBA and CBA cohorts achieved a mean score of 82.9% and 80.9%, respectively.
The slight difference between the scores may be attributed to the fact that the
PBA section was a daytime offering with more full-time, dedicated students
compared with the other section that was offered at night. However, student
scores from the PBA final exams were comparable with those in the CBA.

Remediation impact (RQ#3): Do students gain learning benefits, as evidenced by

higher achievement on summative assessments, by participating in peer-remediation

groups during recitation sessions?

This RQ investigated whether the students gained learning benefits by participat-
ing in peer-remediation groups during recitation sessions. The examination of
learning outcomes from the quiz submission scores revealed positive outcomes
especially through the review of students who fell within the lower quartile.
Table 5 indicates the results of achievement on the final exam for students
who received remediation compared with those who did not receive remediation.
The final exam scores listed in the table reflect those who fell into the lowest 25%

Table 5. Final Exam Achievement With and Without Remediation.

Postquiz

remediation

activity

Mean final exam scores of those learners who achieved:

Lowest 25%

on Quiz 1

Lowest 25%

on Quiz 2

Lowest 25%

on Quiz 3

Lowest 25%

on Quiz 4

Lowest 25%

on Quiz 5

Recipients 79.2% 80.3% 77.5% 76.8% 81.3%

Nonrecipients 77.5% 73.1% 75.0% 75.2% 72.3%

Difference 1.7% 7.2% 2.5% 1.6% 9.0%
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percentile on Quizzes 1 through 5, respectively, and compared those who received
the corresponding remediation following each quiz as compared with those who
did not receive remediation. Using the course final exam as a uniform summative
instrument, the results indicate an increase in mean final exam score of 1.7% for
those who attended remediation on topics covered in Quizzes 1 through 4 and an
increase up to 9.0% after remediation on topics covered in Quiz 5. This significant
difference indicates that by participating in peer-grouped remediations, students
saw a measurable increase in final exam scores. The outlier for Quiz 5 could be
attributed to heavy semester-end workloads resulting in a smaller pool of students.

Clustering impact (RQ#4): Do peer-learning cohorts that are formed via intelligent

clustering outperform peer-learning cohorts that are formed randomly?

The scores listed in Table 6 for the formative assessments indicate for all quizzes
that the intelligently clustered student groups achieved higher scores by partic-
ipating in peer-remediation sessions in comparison with those who were ran-
domly clustered into groups. Although modest in gain, the data gathered for this
study support the positive response to this RQ. Nonetheless, at an aggregate-
level of granularity in the final exam, results listed in Table 5 further indicates an
equal likelihood to achieve comparable results when students were subjected
indiscriminately to either randomly clustered or intelligently clustered cohorts.

Out of the 120 students comprising both types of cohort formulations, the
earlier results reflect only those who participated in remediation activities; thus,
scores of zero for absences during remediation would not be an indicative mea-
sure of the overall remediation impact. In particular, some students either did
not take all of the quizzes or did not participate in the recitation for remediation
purposes; thus, those values were not counted within Table 6. Quiz 2 data were
not collectible because of the inability to perform grouping before recitation due
to delays in data availability. The number of students not participating in the
remediation was lower for initial quizzes and increased during the busy midterm

Table 6. Scores Using Randomly or Intelligently Clustered Groups.

Remediation activity Measures

Random

grouping

Intelligently

clustered

Benefit

over baseline

Post-Quiz 1 activity M 99% 100% 1.2%

N 51 54

Post-Quiz 3 activity M 95.5% 98.0% 2.7%

N 52 54

Post-Quiz 4 activity M 79.0% 86.5% 9.3%

N 49 49

Post-Quiz 5 activity M 92.5% 94.0% 1.6%

N 66 26
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exam period and in the latter part of the semester. The novelty of the quiz/reme-
diation sessions might have inspired students to initially partake in the remedia-
tion, while time pressures during the end of the semester could contribute to the
15% variation in student participation. Finally, a latent insight might point to the
fact that software engineering topics at the end of the semester tend to be more
wordy than mathematical; it might have imposed an artificial ceiling relative to
calculation-based content prevalent throughout most other ECE or CS courses.

Chi-square distance analysis. The Auto-PLC grouping technique identified student
pairs having high differences in values for achievement assessment of specific
skills. As previously described in the Auto-PLC Approach section, to measure
widespread differences among learners, the achievement scores listed in the skills
matrix measured the chi-square distance between them. This section examines
the chi-square values for randomly clustered remediation teams to those for
intelligently clustered teams. Table 7 shows the chi-square distances for intelli-
gently clustered peer-learning cohorts from Quiz 1 and Quiz 5, when compared
with those that were randomly clustered for the same quizzes. Quiz 1 used pair
grouping for its remediation cohorts, while the other quizzes separated into
groups of up to four people. The interpretation of the chi-square distance
between any pair of cohorts reflects the difference between their mutual skill
achievements, whereas the chi-square distance among any four learners leads to
a more complex multidimensional representation to convey meaningful inter-
pretations. By roughly 20%, the mean of the chi-square values for the randomly
matched samples is less than the mean of the chi-square distance for Auto-PLC’s
intelligently clustered samples. This affirms the feasibility of grouping students
who differ by their mastery of skill levels and illustrates the benefit for the Auto-
PLC grouping technique as it reduces instructor workload.

Student Perceptions

To gather student feedback on the course delivery, CBA students engaged in
two anonymous, nonmandatory online -approved surveys. At the beginning of

Table 7. Chi-Square Distance.

Assessment Measures

Intelligently

clustered

Randomly

clustered

Quiz 1 M 1.05 0.89

SD 0.3 0.31

N 32 23

Quiz 5 M 1.03 0.81

SD 0.22 0.3

N 32 27
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the semester, 100 students out of 120 participated in a voluntary presurvey,
while at the end of the semester, 40 of the 118 offered students participated in
a voluntary postsurvey. The heavy year-end student workloads and the desire of
students end the semester attributed to the lower number of postsurvey
responses. The Auto-PLC delivered as well as evaluated the completed surveys
to analyze student perceptions. The presurvey sought to look at the preexisting
student perceptions concerning computer-based quizzes relative to paper-based
ones. The postsurvey mainly concentrated on the peer-orchestrated remediation
group activities. Most of the survey questions requested responses on a 5-point
Likert-type scale: 1¼ Strongly Disagree, 2¼ Disagree, 3¼ Neutral, 4¼ Agree, 5¼
Strongly Agree.

Figure 6 shows student responses to the postsurvey questions. Figure 6(a)
addresses student motivation, that is, whether students were more motivated to
better prepare for the remediation secessions. More than half, that is, 51% either
strongly agreed (13%) or agreed (38%). Because of the grouping of remediation
students, some students commented that because they sought to demonstrate
their understanding of the course concepts and contribute positively, they pur-
posely prepared for their remediation session. Other results indicated that
throughout the course, remediation groups had a positive perception of this
type of student engagement. Also, it is interesting to note that there were no
negative postquiz responses concerning remediation groups via recitation. It is
safe to say that most students appreciated the offered learning intervention.

Figure 6(b) focuses on learning difficult course concepts. The results of the
survey indicated that 30% of students responded positively compared with only
6% responding negatively about learning difficult course concepts. This means
that the organization and implementation of remediation groups had a positive
impact on student perceptions. It is worth pointing out that the students were
not required to take the remediation and that the goal of the remediation was to
help students better understand concepts related to the questions they missed on
the quiz. If they score well in the quiz, many students did not consider coming to
the remediation sessions, which would explain why 64% of students responded
neutrally about this question.

Figure 6(c) shows student responses as to whether students wished more
courses would offer postquiz remediation groups. Overall, the results were
quite positive with almost 60% positive responses (38% agreeing and 21%
strongly agreeing) by indicating that other courses offer remediation groups.
Furthermore, this result showed that postquiz remediation groups generally
welcomed as many students sought and needed more assistance. Also, it is
important to point out that the response rate of those who were neutral included
many students who demonstrated their mastery during the CBAs and did not
need additional assistance. Thus, the high level of neutral responses in the survey
might indicate that many students wanted to help their peers learn even though
they, themselves, did not need it. Last, another promising fact that could
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Figure 6. Postsurvey perceptions.
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motivate future research is that only 8% of all students had disagreed that more

courses should offer postquiz remediation groups, whereas a mean score of

nearly 80% was in favor or neutral. This representation is a noteworthy and

promising indicator for more implementations of Auto-PLC.
Finally, based on the pre- and postsurveys, Figure 7 shows student attitudes

toward the efficacy of the EPC to deliver digitized assessments. The results

indicate a favorably shift, whereas at the beginning of the semester, most stu-

dents were uncertain as to whether it could provide a positive experience com-

pared with the PBA and during the end of semester postsurvey, around 79%

agreed including 36% who strongly agreed that it did provide a positive expe-

rience. Thus, the use of digitized assessments was both feasible and as an enabler

to facilitate ECE and CS learning.

Instructor’s Evaluation

Over previous years, the instructor offered the same course in the PBA environ-

ment and provided several advantages of the CBA.
Because the quizzes took place in the EPC, the instructor gained an extra

150minutes of lecture time during the semester because the paper delivery of a

midterm would have consumed much time, and reduced grading tasks provided

even more time. This allowed extra time for the lecturer to more thoroughly cover

difficult subjects as well as introduce current software engineering research topics.
Because the quizzes and remediation recitations occurred in tandem during

the same week, it increased attendance during the remediation classes and gave

students more time to get to know each other and collaborate face-to-face.

Because approximately one half of the software engineering final course grade

Figure 7. Presurvey to postsurvey shifts in perceptions.

DeMara et al. 23



was project-based, student interaction was especially important and critical in
fulfilling this task.

Because the five quizzes and subsequent extra credit remediation quizzes took
place during the same week, the CBA, itself, facilitated student learning and
provided important benefits. From a course administration point of view, there
were less logistical bottlenecks, and most important, it afforded students a
second chance to remedy their knowledge gaps. Because the quiz and remedia-
tion processes occurred during the same week, it allowed revisiting problems
while still fresh in the student’s minds. Also, it increased the available GTA
exposure time, which was time important for answering students’ questions,
tutoring, and reviewing EPC computerized tests.

Conclusion

There are fundamental reasons that demonstrate the effectiveness of how reme-
diation groups of two to four students using recent quizzes can advance the
learning of ECE and CS subjects. Offered in a remediation session, students who
may be struggling to understand a particular set of concepts can substantially
benefit. This is especially true for intelligently clustered peer-learning groups,
where student clustering occurs using the Auto-PLC to leverage complementary
skill efficacies as verified in the various assessments. Although the differences
between the randomly and intelligently clustered groups were minor, it would be
interesting to explore whether course content that was more mathematically
oriented showed greater benefits. Also, to increase the impact of learning,
future work could incorporate other distancing metrics, such as dot product or
exclusive-OR for one and zero entries as a means to determine the clustering.

Because the surveys indicated that most of the students were increasingly
satisfied with the CBA delivery; instead of groupings based solely on skills,
training data of raw quiz, final exam scores, as well as demographic information
could allow a machine learner to provide better insights. Even greater insights
could result from the analysis of additional data covering several semesters of
COP4331 CBA offerings.

The double-blind methodology design employed in this research can be an
effective means for assessing the impact of learning interventions without bias.
Future work that uses the Auto-PLC will include this delivery approach to a
Mechanical Engineering undergraduate course of 230 students on Heat Transfer
Fundamentals that is awaiting approval. This effort has the vigorous endorse-
ment of the course instructor, the Chair of the Mechanical Engineering
Department, and the Dean of the College of Engineering.
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