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Artificial intelligence (AI) is a rapidly developing field with growing importance in engineering, in particular, it serves as a

means to better understand and manipulate big data. As educators look to develop more T-shaped engineers, where

students have both a breadth and a depth of knowledge and skills, understanding artificial intelligence (AI) applications is

extremely important due to its versatility. However, the literature is sparse in how to educate engineers on the use of AI

applications. In this paper, the researchers examine the utility of a problem-based learning approach with the well-known

supply chainmanagement ‘Beer Game’ using adaptive comparative judgment (ACJ). ACJ is amechanism for ‘learning by

evaluating’ through formative iterative comparisons as students develop their understanding of AI applications in supply

chain management. The guiding research question was as follows:Does repeated use of adaptive comparative judgment (as

a ‘learn by evaluation’ tool) lead to enhanced student understanding of artificial intelligence? Findings provide evidence

towards the effectiveness of the 5-week module to improve student perceptions and learning outcomes related to the

intersection between supply chain management (SCM) and AI, but only when the treatment and control subgroups were

‘‘engaged’’ students who completed all module requirements. In other words, the use of ACJ ‘learning by evaluation’ was

only found to be statistically significant for students who participated 100%; it was not found to be statistically significant

for students who only partially participated. This is a novel finding that extends our understanding of the effectiveness of

‘learning by evaluation’ for problem-based learning assignments.
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1. Introduction

The literature is sparse in how to educate engineers

on the use of AI applications. In this paper, the

researchers examine the utility of a problem-based

learning approach using adaptive comparative

judgment (ACJ). ACJ is an approach to evaluation

through comparison [1]. Research has shown that

repetitive pairwise comparisons, through ACJ, can

facilitate student learning [2] and, in this research,
we investigated this approach for stimulating stu-

dent learning and understanding of AI applications

in supply chain management. We posited that a

‘learning by evaluating’ approach may be suitable

for this context as it has shown promise in other

similar fields [3]. Motivation for integrating AI into

the industrial engineering classroom was driven by

the desire to better prepare students to enter the
Industry 4.0 workforce (manufacturing with a focus

on automation, machine learning, real-time data,

big data, and interconnectivity).

Adaptive comparative judgment (ACJ) – used in

this research as an approach for stimulating stu-

dent learning through repeated comparative eva-

luations – is an assessment approach in which a set

of items are ranked through a series of holistic
comparative judgments between two items at a

time [1]. ACJ was originally developed as a sum-

mative assessment tool alternative to rubric-based
assessment [1, 4–7]. ACJ has proven to be a valid

and reliable assessment tool in a variety of dis-

ciplinary contexts including writing, design, human

development, math, and social studies [5]. More

recently, researchers have identified the potential

for the use of ACJ as a learning tool for providing

formative feedback to students [8–10]. The use of

ACJ for ‘learning by evaluation’ is supported by
considerable research within learning sciences

which suggests that the act of comparison itself

may promote learning by prompting students to

identify similarities and differences [11–16]. How-

ever, it remains unclear whether ‘learning by eva-

luation’ through the iterative comparative

judgments, prompted by ACJ, can be formative

for students’ understanding of a complex technol-
ogy topic such as AI applications in SCM. Thus,

the purpose of this study is to evaluate the use of

ACJ as a ‘learning by evaluation’ tool in this

context. The guiding research question was as

follows:

Does repeated use of adaptive comparative judgment

(as a ‘learn by evaluation’ tool) lead to enhanced

student understanding of artificial intelligence?
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2. Literature Review

2.1 Problem Based Learning

Problem-based learning (PBL) is an increasingly

popular pedagogical approach in which learning is
fostered through student-driven development of

solutions to real-world problems [17, 18]. In PBL

students are presented with an authentic problem

that requires the application and development of

both domain knowledge and critical thinking skills.

Teachers act primarily as facilitators and guides for

active, student-directed learning [19]. Traditionally,

students have engaged with PBL curricula by work-
ing in small groups, although individualized PBL

curricula also exist [20]. Originally developed in the

context of medical education, PBL is now used in

diverse educational contexts ranging from elemen-

tary to higher education, and in a broad array of

disciplines [21].

Engineering, a discipline focused on real-world

applications, has been a natural fit for PBL. Over
the past 40 years, a diverse set of PBL practices and

forms have been employed within engineering edu-

cation [22]. PBL can be implemented as a module

within a course [23], as an entire course [21], or as a

multi-course collaboration [24]. PBL modules have

been used to teach topics including industrial sta-

tistics [25], lean manufacturing [26], and robotics

[24]. Traditionally PBL modules have been
deployed in traditional face-to-face classrooms

but instructors have also made use of different

modalities including web-based deployments and

project management workflows [27, 28].

There are several key challenges associated with

the use of PBL curricula within engineering

education [22]. Foremost among these is fostering

appropriate student learning behaviors [29]. Meta-
cognition, or self-reflection on the learning experi-

ence is essential to the benefits of PBL, and the

learning behaviors that students use in traditional

didactic settings are not the same as those needed

for PBL [30, 31]. A related issue is the inexperience

or lack of training in effective PBL facilitation by

most instructors [32]. Finally, a third issue is the

challenge of assessing learning within PBL. Because
PBL instruction focuses on broad communication,

problem-solving, and self-directed learning skills

[33] rather than on specific domain knowledge,

assessment of student learning gains can be challen-

ging [34, 35]. Often poorly matched traditional

assessment methods such as quizzes and exams

are used; more recently new assessment approaches

including peer review or self-assessment have been
employed, but these methods are largely unvali-

dated [36].

Despite these challenges, there is widespread

belief about the benefits of PBL in engineering

education [37]. Studies indicate that participation

in PBL has led to self-reported increases in interest

in engineering, motivation to pursue engineering as

a career, andmost crucially in engineering skills [38,

39]. These self-reported gains align with data that

suggest that participation in PBL is associated with
improved academic performance, as well as reten-

tion in engineering [40, 41]. Notably, these results

were most pronounced in traditionally underrepre-

sented student groups [42].

2.2 Problem Based Learning + Supply Chain

Management

The use of problem-based learning (PBL) to teach

supply chain management is prolific in the litera-

ture. One study implemented PBL into a supply

chainmanagement course using fivemodules with a

focus on the newspaper industry [43]. The authors

found that the integration of the PBL approach in

the SCM course was able to develop students’

critical thinking, in-depth technical knowledge,
and problem-solving and team working skills.

Another study used PBL to introduce lean six

sigma concepts in the supply chain classroom [44].

The instructors used PBL projects which included a

robust data set that can design distinct problem-

scenarios of a complex business problem for specific

lean six sigma phases, whereby the team of students

was given a process improvement project to identify
and address the issue of consumer complaints and

decreased revenue. The outcomes imply increased

learning outcomes and increased teaching satisfac-

tion with respect to consistency and quality of

learning. In a different paper, researchers imple-

mented PBL within a supply chain management

class through the development of A3 reports (e.g., a

one-page A3 printer-sized document used for com-
munication progress reporting and decision-

making) to solve logistics problems [45]. The find-

ings show improvements in learning outcomes,

problem-solving skills, and communication.

One of the most popular ways instructors and

researchers, alike, have incorporated PBL into the

supply chain management classroom has been

through the beer distribution game [46, 47] which
is discussed next.

2.3 Beer Distribution Game + Supply Chain

Management

The Beer Distribution Game is an educational role-

playing exercise that has been a staple of supply

chain education for decades [48, 49]. In the game, a

simplified four-member beer distribution supply
chain consisting only of a beer factory, beer whole-

saler, beer distributor, and beer retailer is used to

illustrate the importance of information sharing,

coordination, and scientific inventory management
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techniques [48]. Studies have demonstrated that

naı̈ve gameplay, even with total information trans-

parency among participants, often results in a

bullwhip effect – an emergent, complex phenom-

enon in which progressively larger shortages and

surpluses propagate through the supply chain [50-
53].

Over the years several educators have developed

computer-based [54], phone-based [55], or web-

based versions [56–58] of this game. At the same

time, researchers investigating AI applications in

supply chain management (SCM) have used rein-

forcement learning approaches to develop algorith-

mic solutions for playing the beer game while
minimizing the bullwhip effects [59, 60]. More

recently, Opex Analytics has published a free

online Beer Game that allows individuals to play

as humans, as AIs, or in a combination [61].

Although there has been research on the effective-

ness of teaching supply chain principles through the

Beer Game [56, 62, 63], the authors are not aware of

research available on the effectiveness of teaching
AI or data-guided decision-making to industrial

engineering students using the Beer Game.

2.4 Problem Based Learning + Adaptive

Comparative Judgment

Adaptive comparative judgment (ACJ) is an assess-

ment approach in which a set of items are ranked
through a series of holistic comparative judgments

between two items at a time [1]. ACJ was originally

developed as a summative assessment tool alter-

native to rubric-based assessment [1, 4–7]. ACJ has

proven to be a valid and reliable assessment tool in a

variety of disciplinary contexts including writing,

design, human development, math, and social stu-

dies [5].
More recently, researchers have identified the

potential for the use of ACJ as a learning tool for

providing formative feedback to students [8–10].

Further, the use of ACJ as an intentional learning

tool for students – referred to as ‘learning by

evaluation’ – has been supported [3]. This approach

to engaging students in learning through evaluative

comparisons aligns well with other research in
learning sciences which suggests that the act of

comparison itself may promote learning by

prompting students to identify similarities and

differences [11–16]. However, the majority of the

research into ACJ and learning by evaluating has

revolved around essay writing or engineering

design; it remains unclear whether ‘learning by

evaluation’ through the iterative comparative judg-
ments, prompted by ACJ, will be impactful for

students’ understanding of a complex technology

topic such as AI applications in SCM.

ACJ is often used as a complement to problem-

based learning (PBL). One study investigated the

utility of ACJ as a method for informing the

teaching and practice of engineering design [64].

The study included qualitative and quantitative

methods with 110 undergraduate engineering stu-

dents from higher education institutes in the United
States who were divided into 29 groups to solve an

industry-driven, open-ended engineering design

challenge. The study findings were; that involving

ACJ can provide better awareness to engineering

students for informing their design process through

peer feedback and peer work comparison, and

similarity and differences between the design pro-

jects judgments of educators, students, and practice
engineers. Another study evaluated the use of ACJ

using three panels of judges, from various coun-

tries, to evaluate design values [65]. The study

included six teachers from the United States who

implemented a predetermined design activity and

706 students who were divided into groups to

complete an open-ended challenge to design a

prototype of a new container for distributing pills.
Findings show that ‘‘good design’’ does not come

free from cultural contexts, and more care should

be placed in stating design criteria requirements. A

different paper assessed the use of ACJ to evaluate

middle school students learning, engagement, and

experience with an open-ended assignment in a

technology and engineering education course [66].

The research consisted of 706 middle school stu-
dents who worked in small groups on a two-week

design challenge to complete a design portfolio and

produce a solution to an open-ended engineering

design challenge. The finding of the study demon-

strates the effectiveness of ACJ in grading the

students’ projects, eliciting the judges’ understand-

ing of students’ solution process, and reliability and

validity of ACJ to assess student learning outcomes
in STEM education. Similar to these previous

studies, the purpose of this study is to evaluate the

use of ACJ as a ‘learning by evaluation’ tool to

support PBL using the beer game application.

3. Methods

3.1 Participants

The study took place at a research-intensive public

university in the Midwest United States. Partici-

pants were sophomore-level industrial engineering

technology students enrolled in a three-credit

Supply Chain Management (SCM) Technology

course. The course was taught in a hybrid manner
where students attend one credit hour of lecture

each week and engaged in two credit hours online.

The lecture component was split into two sections

(60 students per section). All student participants

engaged in one central online environment
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together. A total of 120 students participated in the

study.

3.2 Supply Chain Management Contextual Focus

The participants completed a five-week teaching

intervention including five key learning experiences,

as summarized in Fig. 1. The module included three

weeks of the free traditional classic online beer

game and two weeks of the free online artificial
intelligence (AI) enhanced beer game. For each

class, students were assigned homework to develop

an infographic that summarizes and communicates

the specified AI supply chain concept.

The course was split into two sections. One

section (e.g., treatment group) participated in the

ACJ sessions, the other section (e.g., control group)

used traditional lecture methods to evaluate pro-
jects. Both the treatment and control groups con-

sisted of 60 students each.

3.3 Adaptive Comparative Judgment – Assessment

Portal

The ACJ assessment was completed through the

online portal, www.compareassess.com. Each stu-

dent participant was provided with their own

individual login details. Upon entering the portal,

students viewed the screen, and clicked on the gavel

located in theActions column, as shown in Fig. 2, to

get started. The next screen provided the viewer

with a comparison of two different infographics.
The infographics displayed were selected through

an embedded algorithm in the ACJ software; this

algorithm initially selects items randomly and then,

over time, selects pairs of items adaptively based on

the win-loss record of each item to refine the

resulting rank order of all items. An example is

provided in Fig. 3. In each case, the students were

prompted to judge which infographic was better
based on its ability to fulfill that week’s assignment.

Each student viewed multiple pairs of items and, in

each case, was prompted to explain why they like

one infographic over the other by typing in a text

window. This process was repeated by all partici-

pating students until the judgments were com-

pleted, requiring approximately 10–15 minutes for

each student.

3.4 Quasi-Experimental Design

This study deployed a quasi-experimental design,

which did not include random assignment but

instead was based on student enrollment into two

different course sections. One section (e.g., treat-

Repeated Use of Adaptive Comparative Judgment to Develop Student Understanding of Artificial Intelligence 895

Fig. 1. Summary of 5 Key Learning Experiences.

Fig. 2. Compare Assess Entry Screen.



ment group) participated in the ACJ sessions, the

other section (e.g., control group) used traditional

lecture methods to evaluate projects. Both the

treatment and control groups consisted of 60 stu-

dents each. The effectiveness of ‘learning by evalua-
tion,’ through adaptive comparative judgment

(ACJ) was assessed and compared. The experimen-

tal design is depicted in Fig. 4.

In classes one through four, each section was

assigned a homework assignment to develop an

infographic that summarizes and communicates

an AI supply chain concept. In classes 2 through

4, the Treatment section participated in ‘learning by
evaluation’ through ACJ on the homework assign-

ments (from both treatment and control) from the

week before. The control group participated in a

traditional lecture-based classroom review during

that time.

In addition to our proposed ‘learning by evalua-

tion’ function, ACJ has an established and vali-

dated assessment function. Therefore, in class 5,
both the treatment and control groups indepen-

dently assessed HW4 submissions from both

groups through ACJ. The relative rank of the

treatment versus control group HW submissions

were then compared between HW1 and HW4 to

investigate whether ‘learning by evaluation’ corre-

sponded with an improvement in the treatment

group’s ability to visually communicate AI Con-
cepts.

3.5 Data Collection

Quantitative data were collected upon student

completion of the ACJ sessions using Compare
Assess.com. Inter-rater reliability data were ana-

lyzed to evaluate the efficacy of the ACJ session.

Low inter-rater reliability would imply disagree-

ment (with respect to assignment quality) among
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the participants, whereas high inter-rater reliability

would imply agreement (with respect to assignment

quality) among the participants.

4. Results and Discussion

4.1 Reliability Analysis: ACJ Algorithm Results

Table 1 provides the inter-rater reliability for the

four ACJ sessions. Cohen [67] suggests interpreting

the inter-rater reliability according to the following

acceptability scale: scores � 0 as no agreement,

scores 0.01 to 0.20 as slight agreement, scores 0.21
to 0.4 as fair agreement, scores 0.41 to 0.6 as

moderate agreement, scores 0.61 to 0.8 as substan-

tial agreement, and scores 0.81 to 1 as almost perfect

agreement. It is important to note that Cohen’s

acceptability scale is based on two raters. Since

this study had 60 participants for each section, the

researchers feel comfortable interpreting using this

scale. That being said, two things should be pointed
out. First, the high inter-rater reliability score for

Session 3 implies a substantial agreement among

participants, and the relatively high inter-rater relia-

bility scores for Session 1 and 4 imply a moderate

agreement among participants. Second, the rela-

tively low inter-rater reliability score for Session 2

implies a fair agreement among participants. The

Session 2 scores were surprising and unexpected.
Specific to Session 2, the study researchers (of which

includes two teaching team members) brainstormed

plausible causes. It was realized that Session 2 was

completed at the end of the class with limited time to

spare. Although Session 1 was also completed at the

end of the class, more time was allotted for students

to complete the assessment. As such, the researchers

hypothesized that students may have been more
interested in leaving class quickly, and as a result,

may have randomly clicked through the system

instead of evaluating the artifacts effectively. For

the remaining Session 3 and Session 4, time was

dedicated at the beginning of class to encourage

students to respond more thoughtfully within the

CompareAssess platform. This approach allowed

correction of the inter-rater reliability for these
remaining sessions.

4.2 ACJ ‘Learning by Evaluation’: Control vs.

Treatment Group

The resulting data, collected from the ACJ sessions,

was used in conjunction with our stated research

question. An analysis of the data from both Assign-

ment 1 and 4, comparing the control group to the
treatment group is included below (see Fig. 7).

Additionally, as the assignment participation was

varied, a breakdown of group participation is

provided in Table 2.

Fig. 5 shows ACJ standardized scores for

Assignment 1 and Assignment 4. On the left side

of Fig. 5, visual A shows the notch box plots of

ACJ standardized scores for Assignment 1. On the

right side of Fig. 5, visual B shows the notch box
plots of ACJ standardized scores for Assignment

4. The treatment group represents the course

section that participated in three rounds of the

ACJ ‘learning by evaluation’ exercise after each of

the first three assignments. In contrast, the control

group, did not participate in ‘learning by evalua-

tion’ and instead spent an equivalent amount of

course time in an instructor-led discussion. As
explained in the Methods, both the treatment

and control group participated in ACJ sessions

to assess Assignment 4 at the end of the module –

these results were used to then identify the differ-

ences, if any existed, in the rankings of students

following participation in the treatment with those

of their peers that did not.

In Fig. 5Awe see that the ‘learning by evaluation’
treatment group started with a lower average stu-

dent standardized score in comparison to the con-

trol group. In Fig. 7B we see that the treatment

group, although still with a lower average standar-

dized score in comparison to the control group, has

improved relative to the control group by assign-

ment 4.

Fig. 6 includes four visuals, A, B, C, and D. On
the top of Fig. 6, visuals A and B display the ACJ-

generated standardized scores, along with standard

errors, for assignments 1 and 4. The scores are

depicted in rank order to allow comparison across

the range of student scores. On the bottom of Fig. 6,

visuals C and D show density plots showing the

distribution of ACJ standardized scores for each

student assignment. Fig. 6A and Fig. 6C show that
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Table 1. ACJ Results: Inter-rater Reliability

ACJ Session
Inter-rater
Reliability # of rounds

Assessment of HW1:
Bullwhip Effect

0.78 19

Assessment of HW2:
Benefit of Intelligence

0.31 19

Assessment of HW3:
Human-Enabled Decision-
Making Algorithm

0.81 18

Assessment of HW4:
AI-Enabled Decision-
Making Algorithm

0.64 15

Table 2. Breakdown of Group Participation

Control Group
(N = 60)

Treatment Group
(N = 60)

Assignment 1 n = 30 n = 35

Assignment 2 n = 42 n = 38

Assignment 3 n = 38 n = 39

Assignment 4 n = 37 n = 36



the standardized scores were lower for the treat-

ment group in comparison to the control group.

In contrast, Fig. 6B and Fig. 6D show that the

standardized scores were higher for the treatment

group in comparison to the control group. Specifi-

cally, Fig. 6C and Fig. 6D showcase a shift to the
right for the treatment group, albeit a modest shift,

in comparison to the control group. This suggests

the ‘learning by evaluation’ intervention may have

resulted in meaningful gains within the treatment

group.

In addition to the representations of the data,

statistical analysis was completed to test for a

significant difference between the control group

and treatment onAssignment 4. Since the treatment
and group groups were not normally distributed,

the non-parametric Mann-Whitney U test (also

known as the Wilcoxon test in the R software)
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was used to test for a difference between the

treatment group to the control group. Moreover,

the Mann-Whitney U test is more rigorous and has
fewer false positives than the parametric Student T-

test [68]. Fig. 7 shows the resulting statistical sig-

nificance p-value level was 0.654. Thus, at a 0.05

alpha level, the difference between the groups is not

statistically significant.

4.3 ACJ ‘Learning by Evaluation’: ‘‘Engaged’’

Control vs. Treatment Group

Although not part of the initial research question,

the researchers noticed that a subsample of each

group (control and treatment) completed all

module requirements, including (1) lecture atten-

dance, (2) completion of online discussion, and (3)

ACJ assessment or participation in the instructor-
led discussion. The completion of module require-

ments indicates a greater level of engagement with

the artificial intelligence module. Thus, the

researchers decided to evaluate whether engaged

students represented a subgroup who experienced

differential gains through the ‘learning by evalua-

tion’ treatment. A breakdown of this subsample

group participation is provided in Table 3. Similar

to the previous section, the same analysis was
completed with this smaller subset of students.

Recognizing the potential for a subset of data to

have issues with validity, the ACJ standardized

scores in this subgroup were checked before further

investigation in two ways. First, the ACJ rank from

this subgroup was compared with the rank pro-

duced by all the students (both engaged and others);

the resulting correlation was high (Spearman cor-
relation = 0.63). Additionally, the ACJ output from

the engaged group was compared with the scoring

assigned through traditional classroom assessment

(i.e., instructor scores in the grade book). The ACJ

standardized scores and the instructor scores were

strongly correlated (Spearman correlation = 0.73).

After confirming the strong correlations in both of

these tests we proceeded with our analysis.
Fig. 8 includes two visuals, A and B. On the left

side of Fig. 8, visual A shows the notch box plots of

‘‘engaged’’ ACJ standardized scores for Assign-

ments 1 and 4, comparing the ‘‘engaged’’ subsample

of the treatment and control groups. On the right

side of Fig. 8, visual B shows the notch box plots of

change in ACJ standardized score between assign-

ments 1 and 4 for the ‘‘engaged’’ subsample of
treatment and control group.
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Fig. 7. R-Software Output – Test for Difference in Means.

Table 3. Breakdown of ‘‘Engaged’’ Group Participation

Control Group
(N = 60)

Treatment Group
(N = 60)

Assignment 1 n = 22 n = 21

Assignment 2 n = 22 n = 21

Assignment 3 n = 22 n = 21

Assignment 4 n = 22 n = 21

Fig. 8. ‘‘Engaged’’ ACJ Standardized Scores – ‘Learning by Evaluation’: Notched Box Plot.



In Fig. 8A, similar to Fig. 5A, the ‘‘engaged’’

subsample of the treatment group has lower stan-

dardized scores for Assignment 1 than the
‘‘engaged’’ subsample of the control group. How-

ever, after three rounds of ‘learning by evaluation’,

the ‘‘engaged’’ subsample of the treatment group

scored higher than their counterparts in the control

group. In Fig. 8B the change in standardized scores

between Assignment 1 and Assignment 4 is dis-

played for the ‘‘engaged’’ sample of the treatment

and control groups. The treatment group has a
substantially higher change in standardized scores.

Fig. 9 includes four visuals: A, B, C, and D. The

rank-ordered standardized scores and standard

errors for the ‘‘engaged’’ subsample of the treat-

ment and control group are shown at the top of Fig.

9 in visuals A and B. Density plots depicting the

distribution of ACJ standardized scores for the

‘‘engaged’’ subsample of the treatment and control

group are shown at the bottom of Fig. 9 in visuals C
and D.

In Fig. 9A the ‘‘engaged’’ subsample of the

treatment group is shown to have lower scores

than the ‘‘engaged’’ subsample of the control

group across the assignment rank. In Fig. 9B this

difference is gone, and in fact, the highest-ranked

students in the ‘‘engaged’’ subsample of the treat-

ment group scored higher than the similarly ranked
‘‘engaged’’ students of the control group. This

comparison is confirmed by analysis of the distribu-

tion of students’ standardized scores in Fig. 9C and

Fig. 9D; the distribution of the ‘‘engaged’’ subsam-

ple of the control groups is largely similar between

assignment 1 and assignment 4, but there is a
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Fig. 9. ‘‘Engaged’’ ACJ Standardized Scores – ‘Learning by Evaluation’: Rank & Density Charts.

Fig. 10. R-Software Output - Test for Difference in Means and Effect Size for ‘‘Engaged’’ Groups.



substantial rightward shift, indicating improved

scores, in the distribution for the ‘‘engaged’’ sub-

sample of the treatment group. Together this data

indicates that ‘learning by evaluation’ led to sig-

nificant gains for the ‘‘engaged’’ students in the

treatment group.
Statistical analysis was completed to test for a

significant difference between the two groups (see

Fig. 10). Because the ‘‘engaged’’ subsample of the

treatment and control group was not a normally

distributed sample, the non-parametric Mann-

Whitney U test (also known as a Wilcox test in

the R software) was used to compare the treatment

group to the control group. A Mann-Whitney U
test yielded a p-value of 0.01227, indicating that the

growth in ACJ standardized scores was signifi-

cantly different in the ‘learning by evaluation’

treatment group than in the control. Additionally,

the effect size was calculated using the R-compa-

nion package. The result effect size was r = 0.394,

which falls within the medium range for effect sizes.

5. Conclusion

5.1 Practical Implications and Contribution to the

Problem-Based Learning Literature

The use of problem-based learning (PBL) to teach

supply chain management is prolific in the litera-
ture. One of the most popular ways instructors and

researchers, alike, have incorporated PBL into the

supply chain management classroom has been

through the beer distribution game [46, 47]. This

study provided one approach for learning about

artificial intelligence through a five-week module

comparing and contrasting outputs from two dif-

ferent beer distribution games. The module
included three weeks of the free traditional classic

online beer game and two weeks of the free online

artificial intelligence (AI) enhanced beer game.

Each week, students were assigned homework to

develop an infographic that summarizes and com-

municates the specified AI supply chain concept.

Findings provide evidence towards the effectiveness

of the five-week module to improve student percep-
tions and learning outcomes related to the intersec-

tion between supply chain management (SCM) and

AI, but only when the treatment and control sub-

groups were ‘‘engaged’’ students who completed all

module requirements. In other words, the use of

ACJ ‘learning by evaluation’ was only found to be

statistically significant for students who partici-

pated 100%; it was not found to be statistically

significant for students who only partially partici-

pated. This is a novel finding that extends our

understanding of the effectiveness of ‘learning by

evaluation’ for PBL assignments (such as the beer

distribution game).

5.2 Limitations

This study has three major limitations. First, the

study employed a quantitative approach, where the

ACJ process was validated quantitatively. Given

the research question and a large number of student

participants, an explanatory study is appropriate.

However, the study was limited in richness and
depth commonly found with a qualitative

approach. Second, the study was limited to one

Industrial Engineering course (e.g., Supply Chain

Management) and one semester. More could have

been learned by using different types of engineering

courses, with varying sample sizes, diverse student

demographics, at different higher education institu-

tions. Third, although the PBL module intended to
build student interest in artificial intelligence and to

encourage students to enroll in higher-level decision

science-based coursework, the study was limited to

one semester. The study could have benefited from

a longitudinal analysis, where students are tracked

to see if the module actually influenced their deci-

sion to enroll in additional artificial intelligence or

decision science coursework.

5.3 Future Research

Findings of this work support recommendations

for future research. First, future research would

benefit by utilizing various assessment methods to

evaluate broader knowledge gain and understand-
ing of AI, which go beyond data analytics. Second,

future research would benefit from considering

different aspects of AI. For example, future

research could promote student understanding con-

cerning the strengths and weaknesses of AI so

students can acquire a more nuanced understand-

ing of the role of AI in SCM. In addition, future

research could integrate real-world problems where
students can apply AI understanding. Third, future

research should consider how to use ACJ and

curriculum design as a way to engage students in

the learning process. Finally, future research would

benefit from replication. This could be done by

increasing the number of participants and/or

expanding the study longitudinally over a few

academic semesters.
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15. R. Gagné and J. Gibson, Research on the recognition of aircraft, Motion picture training and research, pp. 113–168, 1947.

16. D. D. Cummins, Role of analogical reasoning in the induction of problem categories, Journal of Experimental Psychology: Learning,

Memory, and Cognition, 18, p. 1103, 1992.

17. H. S. Barrows, Problem-based learning in medicine and beyond: A brief overview,New directions for teaching and learning, 1996, pp.

3–12, 1996.

18. J. R. Savery and T. M. Duffy, Problem based learning: An instructional model and its constructivist framework, Educational

Technology, 35, pp. 31–38, 1995.

19. A. Masek and S. Yamin, The effect of problem based learning on critical thinking ability: a theoretical and empirical review,

International Review of Social Sciences and Humanities, 2, pp. 215–221, 2011.

20. A. Burgess, J. Bleasel, I. Haq, C. Roberts, R. Garsia, T. Robertson and C. Mellis, Team-based learning (TBL) in the medical

curriculum: better than PBL?, BMC medical education, 17, pp. 1–11, 2017.

21. J. C. Perrenet, P. A. Bouhuijs and J. G. Smits, The suitability of problem-based learning for engineering education: theory and

practice, Teaching in higher education, 5, pp. 345–358, 2000.

22. J. Chen, A. Kolmos and X. Du, Forms of implementation and challenges of PBL in engineering education: A review of literature,

European Journal of Engineering Education, 46, pp. 90–115, 2021.

23. I. Gratchev andD.-S. Jeng, Introducing a project-based assignment in a traditionally taught engineering course, European Journal of

Engineering Education, 43, pp. 788–799, 2018.

24. I. Calvo, I. Cabanes, J. Quesada and O. Barambones, A multidisciplinary PBL approach for teaching industrial informatics and

robotics in engineering, IEEE Transactions on Education, 61, pp. 21–28, 2017.

25. M. Darmawan and N. Hidayah, Application of scl-pbl method to increase quality learning of industrial statistics course in

department of industrial engineering pancasila university, in IOP Conference Series: Materials Science and Engineering, p. 012037,

2017.

26. F. Badurdeen, P. Marksberry, A. Hall and B. Gregory, Teaching lean manufacturing with simulations and games: A survey and

future directions, Simulation & Gaming, 41, pp. 465–486, 2010.

27. E. Tambouris, E. Panopoulou, K. Tarabanis, T. Ryberg, L. Buus, V. Peristeras, D. Lee and L. Porwol, Enabling problem based

learning through web 2.0 technologies: PBL 2.0, Educational Technology and Society, 15, pp. 238–251, 2012.

28. S. Kizaki, Y. Tahara and A. Ohsuga, Software development PBL focusing on communication using scrum, in 2014 IIAI 3rd

International Conference on Advanced Applied Informatics, pp. 662–669, 2014.

29. S. M. Loyens, J. Magda and R. M. Rikers, Self-directed learning in problem-based learning and its relationships with self-regulated

learning, Educational Psychology Review, 20, pp. 411–427, 2008.

30. K. Downing, T. Kwong, S.-W. Chan, T.-F. Lam and W.-K. Downing, Problem-based learning and the development of

metacognition, Higher Education, 57, pp. 609–621, 2009.

31. C. Stefanou, J. D. Stolk,M. Prince, J. C. Chen and S.M. Lord, Self-regulation and autonomy in problem-and project-based learning

environments, Active Learning in Higher Education, 14, pp. 109–122, 2013.

32. F. D. Salinitri, S. M. Wilhelm and B. L. Crabtree, Facilitating facilitators: Enhancing PBL through a structured facilitator

development program, Interdisciplinary Journal of Problem-Based Learning, 9, p. 11, 2015.

33. K. Edström and A. Kolmos, PBL and CDIO: complementary models for engineering education development, European Journal of

Engineering Education, 39, pp. 539–555, 2014.

34. P. J.Giabbanelli andA.A. Tawfik,Overcoming the PBL assessment challenge:Design and development of the incremental thesaurus

for assessing causal maps (ITACM), Technology, Knowledge and Learning, 24, pp. 161–168, 2019.
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