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As technology evolves and society changes, accounting and
auditing studentsmust develop diverse skills, including tech-
nical proficiency and critical thinking. Environmental, So-
cial, and Governance (ESG) concerns are increasingly im-
portant, driving nations and corporations to take action. In-
vestors prioritize ESG criteria, while consumers prefer eco-
friendly products and services. Preventing Greenwashing
is important for future auditors. This teaching case high-
lights the role of accountants in managing E-waste under
the Environmental pillar of ESG. Students explore new tech-
nologies like Computer Assisted Audit Techniques (CAATs)
through hands-on exercises to address these challenges.
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1 | INTRODUCTION

Environmental, Social, and Governance (ESG) issues have evolved into vital considerations across daily life, business
operations, and investments (Al Amosh & Khatib, 2023). Initially coined in the report "Who Cares Wins" by the
United Nations Global Compact Initiative (UN, 2004), ESG amalgamates three ethical pillars—environmental, social,
and governance, delineating specific assessment targets (Billio et al., 2021). The global landscape, marked by extreme
weather, financial crises, and the recent COVID-19 pandemic, has transformed sustainability from a luxury into a ne-
cessity (Adams & Abhayawansa, 2022). Stakeholders and investors now demand transparency regarding sustainability
practices (Fernando, 2021). Customers seek shared values in their purchase decisions, while partners and suppliers
prioritize demonstrable ESG initiatives (Santos et al., 2023). Hence, sustainability and ESG have gained unparalleled
significance.

In 2015, the United Nations’ commitment to 17 Sustainable Development Goals (SDGs) by 2030 (United Nations,
2023) where waste management could help in pollution, climate change, or poverty (Rodić &Wilson, 2017). However,
technological advancements contributing to enhanced living standards also generate Waste Electrical and Electronic
Equipment (WEEE) or E-waste, significantly impacting SDGs (Guarnieri et al., 2022; Shittu et al., 2020). Of particular
concern within WEEE is obsolescence and redundancy (Shittu et al., 2020), which can be managed through reactive
or proactive measures (Rust et al., 2022).

Artificial Intelligence (AI) innovation has revolutionized modern capabilities, potentially affecting 18 percent of global
jobs, about 300million jobs, including accounting professions (Johnson, 2023; Frey&Osborne, 2017; Leitner-Hanetseder
et al., 2021). However, there’s a transformative view that AI will augment rather than replace professional tasks
(Leitner-Hanetseder et al., 2021; Moll & Yigitbasioglu, 2019; Oesterreich et al., 2019).

Despite these advancements, accounting education has historically centered around textbooks and lectures, promot-
ing an emphasis on completing tasks with standardized solutions (Rajeevan, S. 2020). This approach, however, clashes
with the tech-savvy nature of the current student generation, leading to decreased interest and patience (Behn et al.,
2012; Rajeevan, 2020). Recognizing this discrepancy, there’s a growing demand for the evolution of accounting ed-
ucation (Gittings et al., 2020), which has already begun manifesting (Apostolou et al., 2019). Undoubtedly, it is the
utmost aim of business education to make students become critical thinkers and problem solvers (Rajeevan, 2020)
in modern dynamic business environment. Prior pedagogical research underlines the efficacy of experiential learning
with real-world contexts in fostering robust student learning (Gittings et al., 2020; Wang et al., 2022).

In response to the escalating significance of ESG and the challenges posed by emerging technologies, this teaching
case aims to provide a hands-on exercise. It is designed to instruct students and practitioners on proactive E-waste
management within daily business operations, employing AI-based technology as part of experiential learning. This
initiative is crucial considering the prevalent reactive approach adopted by most individuals towards E-waste manage-
ment.

Moreover, in our swiftly evolving era, conventional school learning may not adequately equip individuals to tackle the
myriad new issues that arise. This teaching case seeks to prompt readers to upskill themselves with new technology
and hone critical thinking abilities. By doing so, they can effectively address questions or challenges encountered in
their daily lives.
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2 | LITERATURE REVIEW

E-waste

E-waste comprises discarded electronic and electrical equipment, spanning a diverse range of items like telecommu-
nications devices, IT equipment, household electronics, lighting tools, and more (Chen et al., 2015; Shahabuddin et
al., 2023). Its emergence is attributed to technological evolution, regulatory changes, market demand, among other
factors (Shittu et al., 2021; Trabelsi et al., 2021), contributing to its annual escalation mainly due to shorter electronic
product life cycles (Bunduchi & Candi, 2022). In 2019, E-waste generation reached 53.6 million tons, projected to
soar to 74.7 million tons by 2030 (Forti et al., 2020). Alarming is the improper handling of E-waste; in 2019, around 83
percent (53.6 million tons) lacked proper documentation, posing severe health and environmental threats, especially
when containing toxic materials like mercury and lead (Ruiz, 2022). This exponential growth in E-waste generation
has raised concerns about e-waste management or obsolescence management (Shittu et al., 2021).

Obsolescence management

Obsolescence, while not a new issue, remains an inevitable challenge but can be mitigated through proactive planning
(Trabelsi et al., 2021). Sandborn (2013) outlines three distinct approaches to obsolescence management:

1. Reactive Management: Addressing obsolescence issues after they occur.
2. Proactive Management: Taking preventive measures before obsolescence arises.
3. Strategic Management: Combining mitigation methods and design updates.

The choice between these approaches often leans toward proactive management, particularly when the costs are
higher, given that obsolescence management aims to minimize costs and the negative impacts of resulting E-waste
throughout a product’s life cycle—from design to production and maintenance (Trabelsi et al., 2021).

Notably, obsolescence prediction serves as a pivotal aspect of proactive management (Sandborn et al., 2011). Nu-
merous researchers have explored predictive methods, often relying on mathematical approaches. With the rapid
advancements in computer science, machine learning-based techniques offer a more accessible and precise means to
anticipate obsolescence (Jennings et al., 2016; Trabelsi et al., 2021).

Machine learning

Machine learning, a subset of AI, primarily focuses on training algorithms to generate optimized models for tasks like
data sorting, forecasting, and comprehensive data analysis (Mirjalili et al., 2020). This field has attracted substantial
investments from leading companies, reshaping various industries such as manufacturing, retail, banking, and more
(Mirjalili et al., 2020). Notably, machine learning has facilitated efficiency improvements within these sectors, with
legacy companies leveraging this technology to streamline operations (MIT & Brown, 2021).

In the domain of auditing, AI adoption has been reported, particularly in handling repetitive audit tasks and conducting
internal control testing (Qasim & Kharbat, 2020). In management accounting, specific facets of AI, such as machine
learning, hold relevance, aiding in revenue forecasting, transaction classification, accounting estimations, and even
obsolescence prediction through historical transaction analysis (Ding et al., 2020; Jennings et al., 2016; Qasim &
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Kharbat, 2020).

However, despite its potential benefits, a gap exists between the anticipated need for new skills and the current
capabilities of the workforce. The 2023 Work Trend Index by Microsoft, surveying 31,000 individuals across 31
countries, reveals that while 85 percent of leaders foresee the necessity for new skills, 71 percent of respondents
admit lacking these required capabilities (Microsoft stories., 2023). Consequently, there’s a growing suggestion that
people should work collaboratively with AI (Crouse, 2023). For accounting graduates and practitioners, leveraging
information technology and machine learning could address disparities in professional resources, offering a pathway
to bridge the current and future skill gaps (Qasim & Kharbat, 2020).

The expectation-performance gap in accounting education

The landscape of accounting as a profession has witnessed an intensifying demand for talent to retain its pivotal role
in society amidst technological evolution and socio-economic advancements (Barth, 2018; Berry & Routon, 2020).
Consequently, there has been a growing consensus advocating for a holistic approach inmodern accounting education.
This approach emphasizes the incorporation of a blend of soft and hard skills alongside theoretical knowledge (Berry
& Routon, 2020). Communication, critical thinking, problem-solving, computer application, and AI are among the
pivotal skills consistently advocated by both academia and practitioners. These competencies are deemed essential
for accounting graduates to bridge the expectation-performance gap in accounting education (Berry & Routon, 2020;
Bw online bureau., 2023; Dolce, 2020; Mhlongo, 2020; Qasim & Kharbat, 2020).

However, criticisms have been directed at traditional accounting education methodologies that primarily focus on
task completion, rote memorization, and providing definitive answers. These pedagogical approaches, centered on
professional accreditation rather than practical application, have drawn scrutiny (O’Connell et al., 2015; Hassall &
Joyce, 2014; Turner & Baskerville, 2013).

In response to these criticisms, there has been a notable upsurge of interest in experiential learning within accounting
education. This pedagogical approach aims to generate knowledge through immersive experiences within real-world
contexts (Hassall & Joyce, 2014; Kolb, 2014). Consequently, many universities have initiated the integration of more
experiential learning courses or activities into their accounting curricula (Gittings et al., 2020).

Experiential learning

Experiential learning, rooted in the principle of experiencing to understand, contrasts with traditional methods of
teaching by emphasizing hands-on involvement and active participation (Adom et al., 2016; Dogru & Kalender, 2007;
Honebein, 1996). As Confucius famously articulated, "I hear and I forget. I see and I remember. I do and I understand,"
encapsulating the essence of experiential learning (Adom et al., 2016; Hassall & Joyce, 2014).

Extensive research underscores the manifold advantages of experiential learning. This pedagogical approach enables
students to amalgamate context with their experiences, fostering the enhancement of critical problem-solving skills
and augmenting their productivity as future professionals (Butler et al., 2019; Wang, 2022). For accounting students,
typically devoid of real-world business exposure, this approach becomes instrumental in comprehending intricate
concepts like business processes, internal controls, and data flows (Wang, 2022).

Based on the synthesized literature, our design involves an experiential learning case grounded in real-world oper-
ational scenarios encompassing obsolescence management and machine learning. This approach intends to fortify
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students’ soft skills such as communication, critical thinking, and problem-solving, alongside honing their technical
prowess in utilizing relevant tools. Furthermore, instructors or teachers, if present, can expand upon these scenarios
to ensure students meet the intended learning objectives effectively.

3 | BACKGROUND INFORMATION OF THE COMPANY

About Paragon

Paragon Heatsinks Corporation, hereafter referred to as "Paragon," operates globally with production facilities in the
United States and Asia. Established in the 1970s, Paragon specializes in the design and manufacturing of custom
heatsinks tailored for the advanced microelectronics and components industries worldwide. Its niche market includes
cell sites, industrial computers, medical equipment, and similar sectors.

Paragon’s success lies in its concurrent engineering prowess. The company’s sales team, comprising sales professionals,
engineers, and designers, collaborates closely with clients right from the inception of product development. This
collaborative approach has resulted in strong client relationships and consistently high-quality products that meet
client expectations. Ensuring high client satisfaction remains pivotal for Paragon. This requires the company to offer
cost-effective, innovative solutions with short delivery times. To achieve this, Paragon strategically maintains safety
stock levels and fosters a robust, supportive supply chain. However, the company retains core operations, such as
Research and Development (R&D), to mitigate operational risks.

A key aspect of Paragon’s strategy involves maintaining flexible and reasonably low costs. This is achieved by allowing
a reasonable risk premium for its suppliers to ensure supply chain stability. Notably, Paragon views its relationships
with suppliers as partnerships rather than merely transactions. This approach fosters an ideal win-win-win situation
where clients receive products of satisfactory quality at reasonable costs, while both Paragon and its suppliers realize
reasonable profits.

Product Portfolio

Paragon primarily focuses on thermal products, constituting over 90 percent of its sales. These products encompass
standard heatsinks, heat pipe heatsinks, and vapor chamber heatsinks. Initially, Paragon’s business primarily revolved
around casting products, which now constitute less than 10 percent of its sales.

Thermal products serve a vital role across various electronic devices due to prevalent thermal issues. During the prod-
uct design phase, engineersmeticulously address thermal concerns. Simultaneously, Paragon’s sales team collaborates
with clients to refine heatsink specifications, including drawings, materials, delivery schedules, and cost parameters.
This proactive engagement lays the foundation for meeting client expectations and ensuring customer satisfaction.

The lifecycle of Paragon’s products spans longer durations compared to rapidly evolving consumer electronic (3C)
products. This extended lifecycle allows Paragon to accumulate more raw materials and maintain larger inventories
of finished goods as safety stock. This strategic preparedness facilitates swift responses to client orders.

However, operating within a niche market presents challenges. While the slower technological evolution benefits
Paragon, it also exposes the company to obsolescence issues. Unlike in the 3C market, Paragon’s clients do not
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typically provide advance notices regarding product phase-outs or discontinuations. Consequently, the company of-
ten faces surplus materials or finished goods when products are discontinued, requiring independent resolution by
Paragon.

Production and Sales Process

Paragon’s production cycle for its products spans approximately one to three months upon receiving client orders,
averaging around two months. This duration, contingent on product complexity, is notably shorter than that of its
competitors, aligning with Paragon’s strategy to prioritize customer satisfaction.

However, despite the slower technological evolution, clients often issue engineering change notices during the prod-
uct lifecycle, leading to the obsolescence of certain sub-parts that become inapplicable for production. This neces-
sitates further strategies for addressing obsolescence issues. Additionally, Paragon encounters challenges regarding
sales forecasting as clients are hesitant to provide such information. Consequently, the company independently formu-
lates procurement and production plans upon receiving purchase orders. Figure 1 encapsulates the primary production
procedures adopted by Paragon.

Scenario

At the end of each fiscal year, Victor, the warehouse manager at Paragon, diligently compiles a comprehensive list
of idle inventory items that have remained unsold for three years. This list is subsequently handed over to Nancy,
the sales manager, who meticulously reviews the potential for future sales. Upon completion of this assessment, the
warehouse collaborates with the accounting department, led by Mike, to facilitate the scrapping process for these
identified items.

During a routine management meeting, the executive team convened to deliberate on the recurring challenge posed
by idle inventories. In this meeting, the team explored the viability of incorporating technological interventions to
address this persistent challenge.

Terry (GeneralManager): "Our company’s long-term goal involves aspiring to become a public or even a listed company.
Despite our discussions on ESG, sustainability, and zero waste production, the accumulation of scrapping inventories
persists annually. Isn’t it time we explore technological solutions to address this?"

Victor (Head of Warehouse): "While IT solutions sound promising, I must admit my limitations in this domain. I’m
supportive if someone else steps forward to lead this initiative."

Nancy (Sales Manager): "Agreed. My focus revolves around daily sales operations, prioritizing customer satisfaction.
Given the complexity, I believe this task aligns more closely with accounting. Mike, what’s your take?"

Mike (Accounting Manager): "In our discussions during the last annual audit with our CPA, Henry, the potential of
CAATs was highlighted as a tool to enhance output quality. Henry mentioned its recent incorporation of machine
learning, suggesting its potential to aid in predictive analysis. I could consult Henry for more details on its applicability
to our inventory issue."

Terry: "Excellent. Let’s aim for positive outcomes in our next meeting. Remember, company performance aligns with
our mission, and integrating sustainability is equally crucial."
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F IGURE 1 Production Flow of Paragon

4 | LEARNING GOALS

The main goal of this teaching case is to actively contribute towards reducing the expectation-performance gap in
accounting education. The CAATs with embedded AI functions will optimize the predict analytic process with so
called, No-Code AI (Dilmegani, 2022). It means using a no-code development platform with a visual, code-free, and
often drag-and-drop interface to deploy AI and machine learning models. Therefore, students are expected to:

1. improve their soft skills: familiar with the CAATs tool
(1) articulating the issues at hand effectively,
(2) engaging in analytical thinking to generate actionable recommendations,
(3) communicating and presenting machine learning concepts, methodologies, and findings to both technical

and non-technical audiences, and
(4) fostering a mindset of continuous learning in the rapidly evolving field of machine learning.

2. improve their hard skill:
(1) understanding the basic principles and concepts of machine learning,
(2) understanding the algorithm of machine learning,
(3) preparing the data for machine learning,
(4) gaining familiarity with the intricacies of the machine learning tool,
(5) exploring real-world applications of machine learning in various domains, and
(6) evaluating the most appropriate model for a given problem and interpreting the outcomes.
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Furthermore, this teaching case reflects a real-world scenario, conducting it as a group assignment could foster col-
laboration and diverse perspectives. Regardless of students’ experience levels, structuring the curriculum across two
weeks for introduction and application, three weeks for group discussions and solution development, and one week
for presentations could be beneficial. Instructors or teachers should consider allocating time for this teaching case
based on student experience, class size, and learning objectives. Approximately 5-10 hours may be needed to create
teaching materials before the class and 2-3 hours may be devoted per class to teaching and assessment during and
after the class, respectively. Additionally, a comprehensive approach is necessary in grading such teaching case, allo-
cating weightage of 30-40 percent for concept comprehension like quizzes and written assignments, another 30-40
percent for practical application like exercises outlined in Appendix III, 20-30 percent for critical thinking, and 10-20
percent for communication and presentation would align with the learning objectives.

5 | IMPLEMENTATION OF THE CASE

Before implementation

This case is specifically designed for accounting undergraduates with limited professional experience. Therefore, stu-
dents are required to familiarize themselves with ESG issues, such as e-waste and obsolescence, along with the utiliza-
tion of a CAATs tool—a specialized software aiding auditors and accountants in data analysis and predictive modeling.

Moreover, emphasis on soft skills encompassing communication, critical thinking, problem-solving, and business man-
agement is crucial. Proficiency in these skills not only facilitates successful completion of this case but also augments
students’ preparedness for their future careers. Instructors should allocate sufficient study time for these topics and
may consider grouping students separately to encourage further discussion, based on a detailed implementation plan
tailored to individual needs.

The implementation

The detailed implementation steps for machine learning are outlined in Appendix I. Instructors are encouraged to
walk students through each step during class sessions, introducing the options available and their respective func-
tions. Additionally, hands-on practice sessions should be conducted to familiarize students with machine learning
techniques.

It’s important to note that accounting students might not have prior understanding of the functionalities and cal-
culation algorithms inherent to machine learning. Therefore, instructors should consider briefing students on these
aspects during class sessions or assigning related material as homework to enhance comprehension.

After implementation

Once students have successfully navigated the operational aspects and derived predictive outputs using machine
learning, the pivotal phase of this teaching case emerges. Students are encouraged to delve into the role of an ac-
counting manager, offering comprehensive suggestions based on their findings. It is imperative for them to consider
how to effectively engage with the management team.

Given the potential involvement of obsolescence management with clients and suppliers, anticipatory discussions and
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negotiations with external partners are foreseeable. To simulate these scenarios effectively, it would be advantageous
and engaging to organize students into distinct groups for role-playing sessions. These sessions can serve as a platform
for students to collectively strategize and articulate their final proposed solutions.

6 | CONCLUSIONS AND RECOMMENDATIONS

This teaching case on machine learning illustrates the step-by-step process of predicting potential obsolescence parts
utilizing CAATs integrated with AI capabilities. It emphasizes the essential soft skills vital for enhancing management
performance and obsolescence management. The systematic exploration of machine learning concepts, algorithms,
and applications showcases the technology’s substantial potential in solving intricate problems. Additionally, by ad-
dressing student challenges and employing experiential teaching methods, improvements in engagement, knowledge
retention, and critical thinking skills are anticipated.

The integration of technology, collaborative learning, and real-world scenarios proves highly effective in boosting
student motivation and fostering a deeper understanding of the subject matter. This case equips instructors and
students alike with the necessary tools and skills to navigate the dynamic landscape of machine learning. It empowers
students to embrace active and lifelong learning.

Colleges and universities should consider updating their curricula to incorporate this emerging technology and expe-
riential learning concept to enhance educational experiences and academic success. Furthermore, the accessibility of
open data through the Open Data Movement offers an opportunity for readers to identify and address real-life issues
using available data.

While reports suggest the susceptibility of accountants or auditors to automation, experts highlight that AI’s strength
lies in automating repetitive tasks and minimizing errors, yet it lacks the capability for strategic decision-making
(Mortensen, 2022). Hence, accountants and auditors must adapt to working alongside AI, overcoming forthcoming
challenges, and delivering high-value work in the AI Era.

International Journal of Computer Auditing, Vol.5, No.1, Publication date: 2023



S.M. Huang and Y.Y. Liu 13

References

1. Adams, C. A., & Abhayawansa, S. (2022). Connecting the COVID-19 pandemic, environmental, social and gover-
nance (ESG) investing and calls for ‘harmonisation’of sustainability reporting. Critical Perspectives on Accounting,
82, 102309.

2. Adom, D., Yeboah, A., & Ankrah, A. K. (2016). Constructivism philosophical paradigm: Implication for research,
teaching and learning. Global journal of arts humanities and social sciences, 4(10), 1-9.

3. Al Amosh, H., & Khatib, S. F. (2023). ESG performance in the time of COVID-19 pandemic: cross-country evi-
dence.Environmental Science and Pollution Research, 1-16.

4. Apostolou, B., Dorminey, J. W., Hassell, J. M., &amp; Hickey, A. (2019). Accounting education literature review
(2018). Journal of Accounting Education, 47, 1–27. https://doi.org/10.1016/j.jaccedu.2019.02.001

5. Barth, M. E. (2018). Accounting in 2036: A learned profession: Part I: The role of research. The Accounting Review,
93(6), 383-385.

6. Behn, B. K., Ezzell, W. F., Murphy, L. A., Rayburn, J. D., Stith, M. T., & Strawser, J. R. (2012). The Pathways
Commission on Accounting Higher Education: Charting a national strategy for the next generation of accountants.
Issues in Accounting Education, 27(3), 595-600.

7. Berry, R., & Routon, W. (2020). Soft skill change perceptions of accounting majors: Current practitioner views
versus their own reality. Journal of Accounting Education, 53, 100691.

8. Biau, G., & Scornet, E. (2016). A random forest guided tour. Test, 25, 197-227.
9. Billio, M., Costola, M., Hristova, I., Latino, C., & Pelizzon, L. (2021). Inside the ESG ratings:(Dis) agreement and

performance. Corporate Social Responsibility and Environmental Management, 28(5), 1426-1445.
10. Massachusetts Institute of Technology School of Management, & Brown, S. (2021). Machine learning, explained.

MIT Sloanmanagement. Retrieved Juny 16, 2022, from https://mitsloan.mit.edu/ideas-made-to-matter/machine-
learning-explained

11. Bunduchi, R. Candi, M. (2022) Technology Legitimation: A Product-Level Examination Across the Technology
Lifecycle. British Journal of Management 33:4, pages 2052-2069.

12. Butler, M. G., Church, K. S., & Spencer, A.W. (2019). Do, reflect, think, apply: Experiential education in accounting.
Journal of accounting education, 48, 12-21.

13. Bw online bureau. (2023, May 13). Every Employee Needs AI Aptitude: Report. BW People. Retrieved May 20,
2023, fromhttps://bwpeople.businessworld.in/article/Every-Employee-Needs-AI-Aptitude-Report/13-05-2023-
476448/

14. Chen, M., Huang, J., Ogunseitan, O. A., Zhu, N., & Wang, Y. M. (2015). Comparative study on copper leaching
from waste printed circuit boards by typical ionic liquid acids. Waste management, 41, 142-147.

15. Crouse, M. (2023, May 23). Microsoft Work Trend Index: AI Will Work alongside Employees. TechRepublic. Retrieved
June 8, 2023, from https://www.techrepublic.com/article/microsoft-work-trend-index-artificial-intelligence/

16. Diligent. (2023). THE 1 AUDIT ANALYTICS AND CONTINUOUS CONTROL MONITORING PRODUCT SET Automate
Processes and Deliver the Insights That Drive Strategic Change. Diligent Corporation. Retrieved July 8, 2022, from
https://www.diligent.com/acl-analytics/

17. Dilmegani, C. (n.d.). No Code AI in 2022: What it is & Why it Matters? Retrieved November 21, 2022, from
https://research.aimultiple.com/

18. Dolce, V., Emanuel, F., Cisi, M., & Ghislieri, C. (2020). The soft skills of accounting graduates: Perceptions versus
expectations. Accounting Education, 29(1), 57-76.

19. Draelos, R. (2019). Machine Learning Measuring Performance: The Confusion Matrix, Retrieved October 5, 2022,

International Journal of Computer Auditing, Vol.5, No.1, Publication date: 2023



14 S.M. Huang and Y.Y. Liu

from https://glassboxmedicine.com/2019/02/17/measuring-performance-the-confusion-matrix/
20. Ding, K., Lev, B., Peng, X., Sun, T., & Vasarhelyi, M. A. (2020). Machine learning improves accounting estimates:

Evidence from insurance payments. Review of accounting studies, 25, 1098-1134.
21. Dogru, M., & Kalender, S. (2007). Applying the Subject" Cell" through Constructivist Approach during Science

Lessons and the Teacher’s View. Online Submission, 2(1), 3-13.
22. Fernando, J. (2021). UNPrinciples for Responsible Investment (PRI). RetrievedNovember 28, 2021, fromhttps://www.investopedia.com/terms/u/un-

principles-responsible-investment-pri.asp.
23. Forti, V., Baldé, C. P., Kuehr, R., & Bel, G. (2020). The global e-waste monitor 2020. United Nations University

(UNU), International TelecommunicationUnion (ITU)& International SolidWasteAssociation (ISWA), Bonn/Geneva/Rotterdam,
120.

24. Frey, C. B., & Osborne, M. A. (2017). The future of employment: How susceptible are jobs to computerisation?.
Technological forecasting and social change, 114, 254-280.

25. Gittings, L., Taplin, R., & Kerr, R. (2020). Experiential learning activities in university accounting education: A
systematic literature review. Journal of accounting education, 52, 100680.

26. Guarnieri, P., Vieira, B. D. O., Cappellesso, G., Alfinito, S., & Silva, L. C. E. (2022). Analysis of Habits of Consumers
Related to e-Waste Considering the Knowledge of Brazilian National Policy of SolidWaste: A Comparison among
White, Green, Brown and Blue Lines. Sustainability, 14(18), 11557.

27. Hassall, T., & Joyce, J. (2014). The use of experiential learning in accounting education. In The Routledge companion
to accounting education (pp. 414-436). Routledge.

28. Honebein, P. C. (1996). Seven goals for the design of constructivist learning environments. Constructivist learning
environments: Case studies in instructional design, 11-24.

29. Huang, S.M. and Huang, Y.T. and Wang, L.K., (2020), Teaching Case – Predicting the Probability of Company
Bankruptcy with CAATs, International Journal of Computer Auditing, Vol.2, No.1, p.5-22.

30. Jacksoft. (2023). Python-Based Audit Software- Modern Tools for Modern Time. JACKSOFT COMMERCE AU-
TOMATION LTD. Retrieved July 8, 2023, from https://www.jacksoft.com.tw/product/product_jcaats.php

31. Jennings, C., Wu, D., & Terpenny, J. (2016, June). Forecasting obsolescence risk using machine learning. JIn
International Manufacturing Science and Engineering Conference (Vol. 49903, p. V002T04A033). American Society
of Mechanical Engineers.

32. Johnson, Arianna. (Mar 31, 2023) Which Jobs Will AI Replace? JThese 4 Industries Will Be Heavily Impacted.
Retrieved April 15, 2023, from https://www.forbes.com/sites/ariannajohnson/2023/03/30/which-jobs-will-ai-
replace-these-4-industries-will-be-heavily-impacted/?sh=4128e00b5957

33. Kolb, D. A. (2014). Experiential learning: Experience as the source of learning and development. FT press.
34. Leitner-Hanetseder, S., Lehner, O. M., Eisl, C., & Forstenlechner, C. (2021). A profession in transition: Actors,

tasks and roles in AI-based accounting. Journal of Applied Accounting Research.
35. Marzell, T. (2020). Machine Learning Performance Indicators. RetrievedOctober 2, 2021, fromhttps://rocketloop.de/en/blog/machine-

learning-performance-indicators/
36. Mhlongo, F. (2020). Pervasive skills and accounting graduates’ employment prospects: Are South African employ-

ers calling for pervasive skills when recruiting? Journal of Education (University of KwaZulu-Natal), (80), 49-71.
37. Microsoft stories. (2023, May 9). Microsoft Releases New Research on How AI Will Change the Way We Work in

Asia Pacific. Microsoft. Retrieved June 2, 2021, from https://news.microsoft.com/apac/2023/05/09/microsoft-
releases-new-research-on-how-ai-will-change-the-way-we-work-in-asia-pacific/

38. Mirjalili, S., Faris, H., & Aljarah, I. (2020). Introduction to evolutionary machine learning techniques. Evolutionary
Machine Learning Techniques: Algorithms and Applications, 1-7.

International Journal of Computer Auditing, Vol.5, No.1, Publication date: 2023



S.M. Huang and Y.Y. Liu 15

39. Moll, J., & Yigitbasioglu, O. (2019). The role of internet-related technologies in shaping the work of accountants:
New directions for accounting research. The British accounting review, 51(6), 100833.

40. Mortensen, J. (January 1, 2022). Will AI Ever Replace Accounting? The Surprising Answer. Retrieved May 29, 2022,
from https://www.techevaluate.com/will-ai-ever-replace-accounting-the-surprising-answer/

41. O’Connell, B., Carnegie, G., Carter, A. J., De Lange, P., Hancock, P., Helliar, C., & Watty, K. (2015). Shaping the
future of accounting in business education in Australia. Melbourne, Australia: CPA.

42. Oesterreich, T. D., Teuteberg, F., Bensberg, F., & Buscher, G. (2019). The controlling profession in the digital age:
Understanding the impact of digitisation on the controller’s job roles, skills and competences. International journal
of accounting information systems, 35(C).

43. Qasim, A., & Kharbat, F. F. (2020). Blockchain technology, business data analytics, and artificial intelligence: Use in
the accounting profession and ideas for inclusion into the accounting curriculum. Journal of emerging technologies
in accounting, 17(1), 107-117.

44. Rajeevan, S. (2020). Accounting: the teaching, the practice and what is missing. Vilakshan-XIMB Journal of Man-
agement, 17(1/2), 15-37.

45. Rodić, L., & Wilson, D. C. (2017). Resolving governance issues to achieve priority sustainable development goals
related to solid waste management in developing countries. Sustainability, 9(3), 404.

46. Ruiz, A. (2022) Latest Global E-Waste Statistics And What They Tell Us. Retrieved September 29, 2022, from
https://theroundup.org/global-e-waste-statistics/

47. Rust, R. M., Elshennawy, A., & Rabelo, L. (2022). A literature review on mitigation strategies for electrical compo-
nent obsolescence in military-based systems. South African Journal of Industrial Engineering, 33(1), 25-38.

48. Sandborn, P. (2013). Design for obsolescence risk management. Procedia cirp, 11, 15-22.
49. Santos, C., Coelho, A., & Marques, A. (2023). A systematic literature review on greenwashing and its relationship to

stakeholders: state of art and future research agenda. Management Review Quarterly, 1-25.
50. Shahabuddin, M., Uddin, M. N., Chowdhury, J. I., Ahmed, S. F., Uddin, M. N., Mofijur, M., & Uddin, M. A. (2023).

A review of the recent development, challenges, and opportunities of electronic waste (e-waste). International
Journal of Environmental Science and Technology, 20(4), 4513-4520.

51. Shittu, O. S., Williams, I. D., & Shaw, P. J. (2021). Global E-waste management: Can WEEE make a difference?
A review of e-waste trends, legislation, contemporary issues and future challenges. Waste Management, 120,
549-563.

52. Trabelsi, I., Zeddini, B., Zolghadri, M., Barkallah, M., & Haddar, M. (2021). Obsolescence Prediction based on Joint
Feature Selection and Machine Learning Techniques. ICAART (2), 787-794.

53. Turner, M., & Baskerville, R. (2013). The experience of deep learning by accounting students. Accounting Educa-
tion, 22(6), 582-604.

54. United Nations, 2023. United Nations Sustainable Development and Social Affairs. Retrieved February 15, 2023,
from https://sdgs.un.org/goals.

55. Vovk, V. (February 1, 2015) Lecture Notes in Computer Science (LNPSE, volume 9300) What Is a Machine Learning
Pipeline? Retrieved October 2, 2022, Retrieved October 15, 2022 from https://valohai.com /machine-learning-
pipeline/

56. Wang, T., Chiu, V., Wang, Y., & Chiu, T. (2022). Teaching Business Transaction Cycles Using a Hands-on Activities
Approach. Journal of Emerging Technologies in Accounting, 19(2), 171-186.

International Journal of Computer Auditing, Vol.5, No.1, Publication date: 2023



16 S.M. Huang and Y.Y. Liu

APPENDIX A

IMPLEMENTATION OF A MACHINE LEARNING CASE BY USING CAATs

As an ESG auditor tasked with waste management auditing for an electronic manufacturing company, proficiency in
using CAATs tools becomes essential, much like it is for many auditors in today’s landscape. The machine learning
capabilities within CAATs stand out as an efficient means to predict potential scrapping of finished goods or parts.
Typically, a 3-phase method is employed in processing machine learning tasks (Huang et al., 2020) when utilizing the
latest CAATs tools equipped with machine learning functions. Both ACL (Diligent, 2023) and JCAATs (Jacksoft, 2023)
feature new machine learning commands like ’TRAIN’ and ’PREDICT,’ tailored for predictive analytics, making them
viable options for this scenario. Figure 2 illustrates the primary predictive analytic process.

F IGURE 2 The 3-phase method for processing machine learning

Phase 1: Data Preparation
One well-known concept in computer science is “garbage in, garbage out” indicating that incorrect input leads to
flawed outcomes. Therefore, the initial and pivotal step in anymachine learning endeavor is data preparation, involving
importing, validating, and exploring the data. You’re provided with two Excel files from the company to kickstart your
process:
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1. the inventorymovements fromNovember 2018 toOctober 2019 (Inv_train.xlsx)which contains 18,777 records.
2. the current inventory movements (Inv_pred.xlsx) containing 1,755 records.

Both sets of inventory data are sourced from the company’s ERP system. Table 1 details the data structure for this
task, while Table 2 outlines explorations of the TEXT fields data. Here’s a breakdown of the data preparation steps
for the machine learning case:

Step 1: To create a new project named Waste_Audit.

Step 2: To import both tables into the project.

Step 3: To validate the fields of each table.

Step 4: To explore each field of training table to ensure its suitable for the training by classification.

Table 1: Data Structure
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Table 2: Explorations of the Text Data

Phase 2: Training Prediction Model

In this case, we intend to predict the "Scrapped" signal in the current inventory movement data, aiming to prevent
e-waste and promote SDG13 climate-action practices within the company. To achieve this, we’ll use historical data as
the training dataset to develop a prediction model for the "Scrapped" signal, focusing on the "Scrapped" field in the
Inv_train table. The selection of suitable fields for the training process will vary depending on the specific context of
the field and its relevance to the target field.

Our primary objective is to train CAATs’ machine learning functions to prioritize the Product Category, BeginAmount,
and BeginQty fields. These fields are potentially more relevant to the "Scrapped" category. However, we also encour-
age students to explore and select other fields for training, fostering a comprehensive understanding and building a
more robust prediction model during their exercise.

The Train Command, an integrated machine learning function in modern CAATs or AI tools, streamlines the training
process. Figures 3 and 4 display the interfaces of the TRAIN command in ACL audit software and JCAATs audit
software, tailored specifically for this case.

F IGURE 3 The Train Interface of the Case in ACL Audit Software

After setting the target and training fields and running the Train command, students should tackle two key questions:
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F IGURE 4 The JCAATs Audit Software Train Interface of the case

"How do we understand and elucidate the learning process?" and "How do we evaluate the training outcomes?"

In Figure 5, you’ll see the ACL audit software’s pipeline post-training, while Figure 6 illustrates JCAATs audit software’s
pipeline before training.

When pondering the learning process, students should explain howmachine learning algorithms analyze training data
to uncover patterns or relationships. Understanding basic algorithms like decision trees, neural networks, or random
forests is crucial. They should explain how these algorithms process data to make predictions. Additionally, students
should demonstrate their reflective thinking skills by providing a well-rounded assessment of the training results,
highlighting both strengths and weaknesses of the model they’ve built.

Students need to address these questions:

Q1: What does "Pipeline" refer to in this Machine Learning Process?

Q2: Can you explain Machine Learning Algorithms, like "RandomForest," for instance?
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F IGURE 5 The ACL Audit Software for the pipeline

F IGURE 6 The JCAATs Audit Software for the pipeline.

To assess the training outcomes effectively, students need to take a structured approach. This involves studying the
ConfusionMatrix of the prediction model, considering metrics like accuracy, precision, recall, or F1 score. They should
explore techniques like cross-validation to see how well the model generalizes and to spot any potential overfitting.
Also, they should carefully analyze any limitations or biases in the training data that might affect the model’s perfor-
mance. This means looking at how outliers, data quality issues, or unbalanced datasets could impact accuracy and
reliability. Figure 7 shows the Confusion Matrix in the JCAATs audit software specific to this case. Students should
keep in mind that due to variations in training duration and the learning process, the machine learning performance
metrics might display slightly different results.
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F IGURE 7 The JCAATs Audit Software for the Confusion Matrix.

Students need to answer these questions:

Q3: What is the "Confusion Matrix"?

Q4: What does it mean when we talk about "Accuracy," "F1," "Precision," and "Recall"? In your training results, what
values do these indicators show, and do they signify whether the prediction model is doing well or not?

Q5: What’s the significance of the "Importance" indicator in the training summary report? How can you explain the
values associated with the respective fields?

Phase 3: Prediction

Predicting Model Selection

In the third phase, Prediction, students move on to model selection after the training phase wraps up. The model
generated during training gets saved as a model file. Depending on the CAATs software used, these files might have
different extensions – for instance, ACL could use “.model” while JCAATs might use “.jkm”.

For predictive analytics, students should import the dataset called "Inv pred.xlsx" that holds 1,755 records. They also
need to choose the appropriate knowledge model file to start the prediction process. Once predictions are generated
(shown in Figure 8), it’s time to analyze the results to evaluate their accuracy and reliability.
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