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Mapping Al-Related Skill Trends in Mechanical Engineering:
Implications for Workforce Development (WIP)

Abstract

The rapid integration of artificial intelligence (Al) and advanced automation is reshaping
mechanical engineering practice, altering both the nature of engineering work and the skills
employers demand. While prior research has documented the growing influence of Al in
engineering broadly, limited empirical evidence exists on how employer expectations for Al-
related competencies in mechanical engineering have evolved over time and across geographic
regions. Drawing on skill-biased technological change and human capital theory, this study
examines longitudinal and regional trends in Al-related skill demand using large-scale online job
posting data. The study analyzes 508,477 U.S. mechanical engineer job postings collected from
2015 to September 2025 from LinkUp, a job market data provider that sources postings directly
from employer websites. A hybrid two-stage skill identification approach was employed. First,
an inductive discovery process using natural language processing and a locally deployed large
language model identified engineering-specific Al and data-driven competencies from a
representative sample of postings. Second, these inductively derived terms were integrated with
the Lightcast-Burning Glass Skills Taxonomy to create a domain-specific Al skill dictionary,
which was applied to the full dataset. Job postings were classified as Al-related if they contained
at least one validated Al-related term. Temporal and geographic analyses were conducted at the
state and city levels.

Preliminary results show a substantial increase in Al-related skill demand over the study
period, with Al-related postings rising from approximately 10% of mechanical engineer job
postings in 2015 to over 20% by 2025. Growth accelerated notably after 2020, despite short-term
fluctuations linked to broader labor market volatility. The findings also reveal pronounced
geographic concentration, with California, Michigan, and Texas emerging as leading hubs for Al-
enabled mechanical engineering roles. The results also report the 10 most frequently requested
skills. These findings highlight the growing importance of Al-related competencies in
mechanical engineering and underscore the need for responsive curriculum development and
ongoing professional upskilling to align engineering education and workforce development with
evolving labor market demands. We prefer this work-in-progress paper to be presented as a
poster.
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The growing integration of artificial intelligence (Al) and advanced automation is
transforming the work of mechanical engineers, influencing how products are designed,
manufactured, and maintained [1]. Al technologies such as generative design, robotics, digital
twins, and predictive analytics are changing expectations for what engineers must know and be
able to do [2], [3], [4]. As these tools reshape engineering practice, workplaces are seeking
professionals who can blend traditional mechanical competencies with data-driven and
computational abilities [S]. Despite this shift, little research has systematically examined how
employer expectations for Al-related skills have changed over time and by location within
mechanical engineering. Understanding these evolving patterns is important for aligning
educational programs with contemporary workforce needs. This study aims to explore
longitudinal and regional trends in employer demand for Al-related competencies in mechanical
engineer job postings between 2015 and 2025. The main research question is: How have
employers’ expectations for Al-related skills in mechanical engineer job postings evolved over
time and across geographic regions in the United States from 2015 to 2025?

We draw on skill-biased technological change (SBTC) [6] and human capital theory
(HCT) [7] to explain ongoing transformations in mechanical engineering. SBTC posits that
technological progress increases demand for highly skilled labor while reducing demand for
routine work, a pattern historically observed during the information technology revolution [8]. In
the current Al-driven context, mechanical engineering represents a new iteration of SBTC, as Al
automates routine computational tasks and shifts the skill premium toward engineers with
advanced analytical and integrative capabilities. Complementing this demand-side perspective,
HCT conceptualizes education and skill acquisition as investments that enhance productivity and
earnings [7]. From this view, the growing emphasis on Al-related competencies reflects
employers’ assessments of valuable human capital.

Literature Review

The skills and competencies required by the engineering workforce in the United States
continually shift with changes in technology, policy, and national priorities [9], [10]. Each
industrial revolution, for example, has brought about new ways that engineers learn, work, and
contribute to society [11], [12], [13]. The fourth industrial revolution, commonly referred to as
Industry 4.0, began in the early 21 century and is defined by rapid technological and digital
innovation that includes the development of cyber-physical systems, the Internet of Things, and
generative artificial intelligence [14], [15], [16], [17]. This digital transformation has led to
substantial changes in workforce skill requirements [18], [19], [20]. Changes in workforce skill
requirements in the current era of Industry 4.0 and the digital transformation have been studied in
several engineering and engineering-adjacent sectors, with most work focusing on manufacturing
[18], [19]. However, to better understand and address disciplinary workforce needs to adapt



curricula and student workforce preparation, this research must be extended to a more granular
scale.

While mechanical engineering is one of the broadest engineering disciplines, there are
certain skills and competencies that are shared among mechanical engineers. ABET, the global
accreditation organization for post-secondary, degree-granting engineering programs, documents
mechanical engineering curriculum requirements for accreditation. These include “principles of
engineering, basic science, and mathematics” and “applications of these topics to modeling,
analysis, design, and realization of physical systems, components, or processes” [21]. While
these core skills remain important for current mechanical engineers and students, the latter
competencies are being transformed with the emergence of Al and other modern digital
technologies. Several shifts that are occurring in mechanical engineering as a result of this digital
transformation include the emergence of generative design, data-driven optimization, and
predictive maintenance, among others[22], [23], [24]. The integration of artificial intelligence,
machine learning, and other digital advancements in mechanical engineering has shifted
necessary competencies from traditional analytical and design skills toward hybrid skills that
combine domain expertise with proficiency in using, creating, and interpreting results from Al-
augmented workflows [25], [23]. Advances in computing, artificial intelligence, and digital
technologies has led to the development of generative design, which draws on advanced
algorithms and machine learning to rapidly develop and optimize designs based on user-defined
constraints, allowing for must faster and more complete exploration of the design space [1], [26],
[27], [28]. Generative design is transforming the design process, requiring mechanical engineers
to translate previously manual, iterative approaches to design to clear objectives, parameters, and
constraints enabling the software to more rapidly create and optimize components [1], [29], [30].
Engineers must then rely on their engineering judgment and expertise to refine the design and the
constraints to finalize the design while also developing a deep understanding of the new
capabilities of generative design [26], [30]. This is changing a core engineering design skill from
being able to model the part in specific software programs to defining parameters and constraints
and critically evaluating resultant designs [31].

Closely related to and integrated with advances in generative design, optimization and
analysis are undergoing major shifts enabled by accelerated data-driven modeling [1], [29],
replacing the traditional, time-consuming, trial-and-error approaches [32]. In many ways, this is
also closely associated predictive maintenance, or the ability to use real and simulated system
data to predict remaining useful life, optimize maintenance, and predict failures in systems and
equipment [33], [34], [35]. Predictive maintenance and process optimization has been made
possible with advanced algorithms, machine learning, the development of digital twins, real-time
monitoring and computer vision, and the rapid generation of large amounts of simulated data
[22], [32], [35]. Advancements in these areas of mechanical engineering will likely lead to
mechanical engineers needing more expertise in the technologies and tools that have enabled and



will continue to drive these transformations. With these and other rapid changes in the discipline,
it is likely that the skills demanded by mechanical engineering employers are changing in
response. The literature, for example, highlights the importance of engineers accepting these new
tools and approaches [36], developing the know-how to fully capitalize on these tools and
approaches[26], [36], [37], and being able to make, understand, and explain Al-driven or Al-
augmented decisions [32]. Other work supports growing emphases on engineering judgment and
critical thinking skills more broadly [38], [39] and overarching changes in the ways engineers
must think in the Al-era [40]. This study aims to explicitly document these evolving expectations
and skill requirements over the last decade so that mechanical engineering educators can adapt
curricula and students can more easily develop skills aligned with the needs of the labor market.

Regional variation in the labor market across the United States is generally
acknowledged, with industry clusters like Detroit’s automotive companies and Silicon Valley’s
tech organizations representing two of the most well-known regional clusters [41], [42], [43],
[44]. Economists and sociologists have long studied these regional variations and their causes
[43], [45], [46]. A recent report, for example, discusses variation in skill demands by region or
metropolitan statistical area (MSA) that reflects talent needs of a specific area, including case
studies examining regional trends in manufacturing, digital marketing, and cybersecurity [47].
However, there is limited work on discipline-specific regional trends, with one paper details
regional robotics-related skill demand across the United States in 2015, finding higher
concentrations of jobs requiring robotics skills in the Midwest and Southeast United States [48].
This study builds on and contributes to this body of work by documenting longitudinal regional
trends in the Al and data science skill demand required of mechanical engineers in the United
States.

Method

This study employs a quantitative analysis of online job postings (OJPs) to examine Al-
related skill demand in mechanical engineering. The primary data source is a longitudinal dataset
of U.S. job postings provided by LinkUp. OJPs offer a real-time, forward-looking view of labor
market demand and are well-suited for analyzing technological transitions because they signal
firms’ intended adoption of new technologies before such changes appear in patents or products
[49]. By detailing employer skill requirements, job postings serve as a proxy for emerging
human capital needs. To ensure data quality, we rely on LinkUp, which indexes postings directly
from employer websites, reducing duplication, expired listings, and job board spam [50]. LinkUp
has been widely used in prior labor market research [51], [52], supporting the reliability of
longitudinal analyses. Job postings include structured metadata (e.g., job title, employer,
location, posting date, and ONET occupation codes) and unstructured job description text. Using
the ONET SOC code for Mechanical Engineers (SOC 17-2141.00), we identified 535,602



postings from 2015 to September 2025. After excluding postings with missing descriptions, the
final analytic sample consisted of 508,477 OJPs.

A central methodological challenge was identifying Al-related competencies embedded
within highly specialized engineering language. Existing approaches often rely on general-
purpose skill taxonomies, such as the Lightcast-Burning Glass Skills Taxonomy (LBG-ST),
which tend to overrepresent IT-oriented skills and undercapture engineering-specific Al
applications. To address this limitation, we adopted a hybrid two-stage approach that balances
domain specificity with computational scalability. In the first stage, we conducted an inductive
discovery process on a random sample of 10,000 postings from 2024, a year characterized by
heightened Al adoption. Using natural language processing with a locally deployed large
language model, we identified explicit and latent Al-related competencies within the mechanical
engineering context. Data-driven competencies, as a foundational component of Al, were also
considered Al-related. This process generated a domain-specific vocabulary capturing
engineering-relevant Al applications often overlooked by standardized taxonomies. In the second
stage, the inductively derived vocabulary was integrated with LBG-ST terms to ensure alignment
with prior labor market research. This finalized dictionary was then applied to the full dataset
using keyword-based searches. A posting was classified as Al-related if it contained at least one
validated term. This hybrid strategy combines the contextual accuracy of LLM-assisted
extraction with the efficiency required for large-scale analysis. To examine temporal and spatial
patterns, Al-related postings were aggregated by year and geographic location (state and city),
enabling analysis of longitudinal trends and the identification of emerging regional hubs for Al-
enabled mechanical engineering work.

Preliminary Results

In 2015, the dataset identified 1,917 job postings requiring Al-related skills, representing
approximately 10.3% of the total mechanical engineer OJPs. Between 2015 and 2019, both the
absolute volume and the relative share increased incrementally, reflecting an early adoption
phase where data-driven methods began to permeate traditional engineering roles. This gradual
growth is consistent with the broader adoption of “Industry 4.0” frameworks, which emphasize
the integration of cyber-physical systems and preliminary data analytics in manufacturing and
design [53]. A marked acceleration in demand is observed after 2020. Between 2020 and 2022,
the volume of Al-related postings more than doubled, rising from 4,744 (14.7%) to 12,669
(19.3%). While a temporary contraction in absolute volume occurred in 2023 (10,901 postings,
15.2%), this likely reflected broader tech sector restructuring following pandemic-era overhiring,
economic uncertainty, and rising interest rates, rather than declining Al demand. By 2025, Al-
related competencies rebounded strongly and reached their highest observed prevalence,
accounting for over 20.6% of all mechanical engineer OJPs (9,960 postings), demonstrating
sustained long-term demand despite short-term market volatility.



The results indicate a highly uneven geographic distribution of Al-related mechanical
engineering vacancies. California emerges as the dominant market, with 14,755 postings, which
substantially exceeds all other states. This concentration reflects California’s robust ecosystem in
advanced manufacturing, automation, robotics, and technology-driven engineering, supported by
its proximity to major technology firms, research institutions, and industrial innovation clusters.
Michigan ranks second with 10,847 postings, underscoring the continued transformation of the
automotive and mobility sectors toward Al-enabled design, manufacturing, and intelligent
systems. Texas follows with 5,996 postings, reflecting its large-scale industrial base and growing
investments in smart manufacturing, energy systems, and engineering automation. Beyond these
primary hubs, a second tier of states exhibits notable Al-related demand, including Washington
with 3,349 postings; New York with 3,191 postings; Massachusetts with 2,883 postings; Virginia
with 2,812 postings; Illinois with 2,740 postings; Ohio with 2,580 postings; and Florida with
2,411 postings. The analysis shows a clear hierarchy of Al and data-driven skills in mechanical
engineer OJPs. The results report the 10 most frequently requested skills, which capture the
majority of Al-related demand, including Al-assisted data analysis, Python, machine learning,
artificial intelligence, computer vision, Torch, deep learning, TensorFlow, image processing, and
Al-integrated systems. This paper is a work in progress; we will continue to analyze how the Al-
related JOPs and skills vary across different levels of education and professional experience.

Implications and Next Steps

This study highlights how Al-related skill demands are reshaping mechanical engineering
from purely technical tasks toward managing and integrating complex systems. By using job
postings as market signals, these findings inform a curricular roadmap where Al is integrated
into core sequences: transitioning foundational programming to Python-based analytics,
embedding generative design in CAD courses, and incorporating data-driven modeling into
mechanics labs. Such updates are essential to align education with industry needs, reducing skill
gaps by emphasizing Al-in-the-loop workflows in capstone projects. Furthermore, the results
show the necessity of continuous upskilling as Al automates routine tasks, shifting the engineer’s
value toward higher-order competencies and professional judgment. Methodologically, this study
demonstrates the utility of combining large-scale job posting data with domain-specific
identification to track technological transitions in specialized engineering occupations.

Future work on this topic will include a more in-depth analysis of our findings. This may
suggest additional directions, including developing a better understanding of the role of Al in
engineering workplaces through future human subject studies conducting exploratory analyses to
see if these emerging Al skillsets correlate with demand for other skillsets in mechanical
engineering. This, in combination with other research in this emerging area, could provide a
clearer roadmap for curricular and instructional changes that must occur to better prepare
mechanical engineering students for the changing labor market.



References

[1] S. Mondal and S. S. Goswami, "Rise of Intelligent Machines: Influence of Artificial
Intelligence on Mechanical Engineering Innovation," Spectrum of Engineering and
Management Sciences, vol. 2, no. 1, pp. 46-55, 06/09 2024, doi: 10.31181/sems1120244h.

[2] H. K. Channi, A. Kaur, and S. Kaur, "Al-driven generative design redefines the engineering
process," Generative Artificial Intelligence in Finance: Large Language Models, Interfaces,
and Industry Use Cases to Transform Accounting and Finance Processes, pp. 327-359, 2025.
[Online]. Available: https://doi.org/10.1002/9781394271078.ch17.

[3] I. Savin, "Determination of the effectiveness of the use of robotic systems in mechanical
engineering," European journal of natural history, no. 3, pp. 94-97, 2016.

[4] S. Schweigert-Recksiek, J. Trauer, C. Engel, K. Spreitzer, and M. Zimmermann, "Conception
of a digital twin in mechanical engineering—a case study in technical product development,”
in Proceedings of the design society: DESIGN conference, 2020, vol. 1: Cambridge
University Press, pp. 383-392. [Online]. Available: https://doi.org/10.1017/dsd.2020.23.
[Online]. Available: https://doi.org/10.1017/dsd.2020.23

[5] J. H. E. Online, "Looking to the future: Career outlook for mechanical engineers," ed, 2025.

[6] E. Berman, J. Bound, and Z. Griliches, "Changes in the demand for skilled labor within US
manufacturing: evidence from the annual survey of manufactures," The quarterly journal of
economics, vol. 109, no. 2, pp. 367-397, 1994. [Online]. Available:
https://doi.org/10.2307/2118467.

[7] G. S. Becker, Human capital, A theoretical and empirical analysis with special reference to
education. NBER, 1964.

[8] E. Berman, J. Bound, and S. Machin, "Implications of skill-biased technological change:
international evidence," The quarterly journal of economics, vol. 113, no. 4, pp. 1245-1279,
1998. [Online]. Available: https://doi.org/10.1162/003355398555892.

[9] J. J. Duderstadt, "Engineering for a changing world: A roadmap to the future of American
engineering practice, research, and education," in Holistic engineering education: Beyond
technology: Springer, 2010, pp. 17-35.

[10] K. Haghighi, "Quiet no longer: Birth of a new discipline," Journal of Engineering
Education, vol. 94, no. 4, p. 351, 2005.

[11] M. Roy and A. Roy, "The rise of interdisciplinarity in engineering education in the era of
industry 4.0: Implications for management practice," IEEE Engineering Management
Review, vol. 49, no. 3, pp. 56-70, 2021. [Online]. Available:
https://doi.org/10.1109/EMR.2021.3095426.

[12] R. Sakhapov and S. Absalyamova, "Fourth industrial revolution and the paradigm change
in engineering education," in MATEC Web of Conferences, 2018, vol. 245: EDP Sciences, p.
12003. [Online]. Available: https://doi.org/10.1051/mateccont/201824512003. [Online].
Available: https://doi.org/10.1051/mateccont/201824512003

[13] E.L. Vieira, "Engineering education in industry 5.0: Competency development and
learning environment strategies-A systematic review," Asean Journal of Engineering
Education, vol. 8, no. 1, pp. 10-18, 2024.

[14] E. Oztemel and S. Gursev, "Literature review of Industry 4.0 and related technologies,"
Journal of intelligent manufacturing, vol. 31, no. 1, pp. 127-182, 2020. [Online]. Available:
https://doi.org/10.1007/s10845-018-1433-8.

[15] M. Skilton and F. Hovsepian, The 4th industrial revolution. Springer, 2018.



https://doi.org/10.1002/9781394271078.ch17
https://doi.org/10.1017/dsd.2020.23
https://doi.org/10.1017/dsd.2020.23
https://doi.org/10.2307/2118467
https://doi.org/10.1162/003355398555892
https://doi.org/10.1109/EMR.2021.3095426
https://doi.org/10.1051/matecconf/201824512003
https://doi.org/10.1051/matecconf/201824512003
https://doi.org/10.1007/s10845-018-1433-8

[16] Z. Suleiman, S. Shaikholla, D. Dikhanbayeva, E. Shehab, and A. Turkyilmaz, "Industry
4.0: Clustering of concepts and characteristics," Cogent Engineering, vol. 9, no. 1, p.
2034264, 2022. [Online]. Available: https://doi.org/10.1080/23311916.2022.2034264.

[17] X. Yafei, Y. Wu, J. Song, Y. Gong, and P. Lianga, "Generative Al in industrial revolution:
a comprehensive research on transformations, challenges, and future directions," Journal of
Knowledge Learning and Science Technology ISSN: 2959-6386 (online), vol. 3, no. 2, pp. 11-
20, 2024. [Online]. Available: https://doi.org/10.60087/jklst.vol.3n2.p20.

[18] A.Jurczuk and A. Florea, "Future-oriented digital skills for process design and
automation," Human Technology, vol. 18, no. 2, pp. 122-142, 2022. [Online]. Available:
https://doi.org/10.14254/1795-6889.2022.18-2.3.

[19] E. Nica, "Exploring the Role of Artificial Intelligence in Shaping and Advancing
Workforce Skills within Manufacturing Industries," Psychosociological Issues in Human
Resource Management, vol. 11, no. 1, pp. 22-51, 2023.

[20] A. C. Pereira and F. Romero, "A review of the meanings and the implications of the
Industry 4.0 concept," Procedia manufacturing, vol. 13, pp. 1206-1214, 2017. [Online].
Available: https://doi.org/10.1016/].promfg.2017.09.032.

[21]  ABET, "Criteria for Accrediting Engineering Programs, 2025-2026. ," 2025. [Online].
Available: https://www.abet.org/accreditation/accreditation-criteria/criteria-for-accrediting-
engineering-programs-2025-2026/#

[22] P. K. Haridasan and H. Jawale, "Generative Al in Manufacturing: A Review of
Innovations, Challenges, and Future Prospects," J Artif Intell Mach Learn & Data Sci, vol. 2,
no. 2, pp. 1418-1424, 2024. [Online]. Available: https://doi.org/10.51219/JAIMLD/praveen-
haridasan/321.

[23] M. F. Idan, "The Role of Artificial Intelligence in Advancing Mechanical Engineering:
Opportunities, Challenges, and Emerging Applications in Applied Mechanics," in §th
International Conference on Applied Engineering (ICAE 2025), 2025: Atlantis Press, pp.
350-365. [Online]. Available: https://doi.org/10.2991/978-94-6463-982-7 21. [Online].
Available: https://doi.org/10.2991/978-94-6463-982-7 21

[24] J.Jenis, J. Ondriga, S. Hrcek, F. Brumercik, M. Cuchor, and E. Sadovsky, "Engineering
applications of artificial intelligence in mechanical design and optimization," Machines, vol.
11, no. 6, p. 577, 2023. [Online]. Available: https://doi.org/10.3390/machines11060577.

[25] D.Acemoglu, D. Autor, J. Hazell, and P. Restrepo, "Artificial intelligence and jobs:
Evidence from online vacancies," Journal of Labor Economics, vol. 40, no. S1, pp. S293-
S340, 2022.

[26] M. O. Enahoro and A. Ekiugbo, "Evolution of CAD in Mechanical Engineering," Journal
of Materials Engineering, Structures and Computation, vol. 4, no. 3, pp. 122-137, 2025.
[Online]. Available: https://doi.org/10.5281/ZENODO.16942884.

[27] L. Regenwetter, A. H. Nobari, and F. Ahmed, "Deep generative models in engineering
design: A review," Journal of Mechanical Design, vol. 144, no. 7, p. 071704, 2022. [Online].
Available: https://doi.org/10.1115/1.4053859

[28] M. Tanveer, M. M. Azad, D. Kim, S. Khalid, and H. S. Kim, "Generative Design for
Engineering Applications: A State-of-the-Art Review," Archives of Computational Methods
in Engineering, pp. 1-27, 2025. [Online]. Available: https://doi.org/10.1007/s11831-025-

10302-y



https://doi.org/10.1080/23311916.2022.2034264
https://doi.org/10.60087/jklst.vol.3n2.p20
https://doi.org/10.14254/1795-6889.2022.18-2.3
https://doi.org/10.1016/j.promfg.2017.09.032
https://www.abet.org/accreditation/accreditation-criteria/criteria-for-accrediting-engineering-programs-2025-2026/
https://www.abet.org/accreditation/accreditation-criteria/criteria-for-accrediting-engineering-programs-2025-2026/
https://doi.org/10.51219/JAIMLD/praveen-haridasan/321
https://doi.org/10.51219/JAIMLD/praveen-haridasan/321
https://doi.org/10.2991/978-94-6463-982-7_21
https://doi.org/10.2991/978-94-6463-982-7_21
https://doi.org/10.3390/machines11060577
https://doi.org/10.5281/ZENODO.16942884
https://doi.org/10.1115/1.4053859
https://doi.org/10.1007/s11831-025-10302-y
https://doi.org/10.1007/s11831-025-10302-y

[29] S.Oh,Y. Jung, S. Kim, I. Lee, and N. Kang, "Deep generative design: integration of
topology optimization and generative models," Journal of Mechanical Design, vol. 141, no.
11, p. 111405, 2019. [Online]. Available: https://doi.org/10.1115/1.4044229.

[30] J.I. Saadi and M. C. Yang, "Generative design: reframing the role of the designer in
early-stage design process," Journal of Mechanical Design, vol. 145, no. 4, p. 041411, 2023.
[Online]. Available: https://doi.org/10.1115/1.4056799

[31] T. Koring, D. Gerhard, and M. Neges, "DESIGN AND IMPLEMENTATION OF A
SKILL DEVELOPMENT PROGRAM IN Al DRIVEN GENERATIVE ENGINEERING," in
DS 131: Proceedings of the International Conference on Engineering and Product Design
Education (E&PDE 2024), 2024, pp. 223-228. [Online]. Available:
https://doi.org/10.35199/EPDE.2024.38 [Online]. Available:
https://doi.org/10.35199/EPDE.2024.38

[32] R. K. Shetty, "Al-Driven Innovations in Mechanical Engineering: From Smart
Manufacturing to Predictive Maintenance," GRJESTM, vol. 1, no. 3, pp. 109-116, 2025.

[33] O. Ayeni, "Integration of Artificial Intelligence in predictive maintenance for mechanical
and industrial engineering," International Research Journal of Modernization in Engineering
Technology and Science, vol. 7, no. 3, pp. 1-23, 2025.

[34] T. Zonta, C. A. Da Costa, R. da Rosa Righi, M. J. de Lima, E. S. Da Trindade, and G. P.
Li, "Predictive maintenance in the Industry 4.0: A systematic literature review," Computers &
industrial engineering, vol. 150, p. 106889, 2020. [Online]. Available:
https://doi.org/10.1016/1.c1e.2020.106889.

[35] S. Sarkar, "Al-Enabled Digital Twin Framework for Predictive Maintenance And Energy
Optimization In Industrial Systems," ASRC Procedia: Global Perspectives in Science and
Scholarship, vol. 1, no. 01, pp. 1359-1389, 2025.

[36] M. Bauer, C. van Dinther, and D. Kiefer, "Machine learning in SME: an empirical study
on enablers and success factors," 2020.

[37] V. De Simone, V. Di Pasquale, and S. Miranda, "An overview on the use of AI/ML in
manufacturing MSMEs: solved issues, limits, and challenges," Procedia Computer Science,
vol. 217, pp. 1820-1829, 2023. [Online]. Available:
https://doi.org/10.1016/j.procs.2022.12.382.

[38] N. Cui and L. H. Yeter, "BOARD# 125: Exploring the Role of Artificial Intelligence Tools
in Enhancing Critical Thinking Skills in Engineering Prototype Design," in 2025 ASEE
Annual Conference & Exposition, 2025. [Online]. Available: https://doi.org/10.18260/1-2--
55942 [Online]. Available: https://doi.org/10.18260/1-2--55942

[39] S. Foysal, M. Hossain, A. Jubair, M. Ahmed, M. Jamin, and M. Islam, "Importance of
human judgment in Al (artificial intelligence) technology," Quest Journals Journal of
Electronics and Communication Engineering Research, vol. 9, pp. 1-8, 2023.

[40] J. Clay et al., "Board 258: Engineering Design Thinking in the Age of Generative
Artificial Intelligence," in 2024 ASEE Annual Conference & Exposition, 2024. [Online].
Available: https://doi.org/10.18260/1-2--46830 [Online]. Available:
https://doi.org/10.18260/1-2--46830

[41] B. Hartmann and C. Jahren, "Leadership: Industry needs for entry-level engineering
positions," Journal of STEM education, vol. 16, no. 3, 2015. [Online]. Available:
https://doi.org/10.1109/EMR.2016.7559063



https://doi.org/10.1115/1.4044229
https://doi.org/10.1115/1.4056799
https://doi.org/10.35199/EPDE.2024.38
https://doi.org/10.35199/EPDE.2024.38
https://doi.org/10.1016/j.cie.2020.106889
https://doi.org/10.1016/j.procs.2022.12.382
https://doi.org/10.18260/1-2--55942
https://doi.org/10.18260/1-2--55942
https://doi.org/10.18260/1-2--55942
https://doi.org/10.18260/1-2--46830
https://doi.org/10.18260/1-2--46830
https://doi.org/10.1109/EMR.2016.7559063

[42] U. Burg and M. Kenney, "Institutions and Economies: Creating Silicon Valley," ed:
Understanding Silicon Valley: Anatomy of an Entrepreneurial Region. Stanford University
Press, 2000.

[43] S. Klepper, "The origin and growth of industry clusters: The making of Silicon Valley and
Detroit," Journal of urban economics, vol. 67, no. 1, pp. 15-32, 2010. [Online]. Available:
https://doi.org/10.1016/1.jue.2009.09.004.

[44] R.A. Tybout and J. M. Mattila, "Agglomeration of manufacturing in Detroit," Journal of
Regional Science, vol. 17, no. 1, pp. 1-16, 1977.

[45] J.J. Beggs and W. J. Villemez, "Regional labor markets," in Sourcebook of labor
markets: Evolving structures and processes: Springer, 2001, pp. 503-529.

[46] E.J. Feser, "What regions do rather than make: A proposed set of knowledge-based
occupation clusters," Urban Studies, vol. 40, no. 10, pp. 1937-1958, 2003. [Online].
Available: https://doi.org/10.1080/0042098032000116059.

[47] M. R. Weise, A. R. Hanson, and Y. Saleh, "The new geography of skills: Regional skill
shapes for the new learning ecosystem," Strada Institute for the Future of Work, 2019.
[Online]. Available: https://ca-hwi.org/public/uploads/pdfs/The-New-Geography-of-Skills-
Final.pdf.

[48] N.G. Leigh, B. Kraft, and H. Lee, "Robots, skill demand and manufacturing in US
regional labour markets," Cambridge Journal of Regions, Economy and Society, vol. 13, no.
1, pp. 77-97, 2020. [Online]. Available: https://doi.org/10.1093/cjres/rsz019.

[49] M. Scheuffele, M. Martini, M. John, and L. Brecht, "Job Postings Analysis as a Tool for
Technology Foresight," in ISPIM Innovation Symposium, 2025: The International Society for
Professional Innovation Management (ISPIM), pp. 1-29. [Online]. Available: https://publica-
rest.fraunhofer.de/server/api/core/bitstreams/1df8f729-56a6-461¢c-b280-
682118b99b5c/content. [Online]. Available: https://publica-
rest.fraunhofer.de/server/api/core/bitstreams/1df8{729-56a6-461c-b280-
682118b99b5c/content

[50] M. Cerioli, M. Leotta, and F. Ricca, "COVID-19 hits the job market: An 88 million job
ads analysis," in Proceedings of the 36th annual ACM symposium on applied computing,
2021, pp. 1721-1726. [Online]. Available: https://doi.org/10.1145/3412841.3442134.
[Online]. Available: https://doi.org/10.1145/3412841.3442134

[51] M. Cerioli, M. Leotta, and F. Ricca, "COVID-19 impacts on the IT job market: a massive
job ads analysis," Electronics, vol. 12, no. 15, p. 3339, 2023.

[52] C.-W. Chen and L. Y. Li, "Is hiring fast a good sign? The informativeness of job vacancy
duration for future firm profitability," Review of Accounting Studies, vol. 28, no. 3, pp. 1316-
1353, 2023. [Online]. Available: https://doi.org/10.1007/s11142-023-09797-2.

[53] H. Lasi, P. Fettke, H.-G. Kemper, T. Feld, and M. Hoffmann, "Industry 4.0," Business &
information systems engineering, vol. 6, no. 4, pp. 239-242, 2014. [Online]. Available:
https://doi.org/10.1007/s12599-014-0334-4.



https://doi.org/10.1016/j.jue.2009.09.004
https://doi.org/10.1080/0042098032000116059
https://ca-hwi.org/public/uploads/pdfs/The-New-Geography-of-Skills-Final.pdf
https://ca-hwi.org/public/uploads/pdfs/The-New-Geography-of-Skills-Final.pdf
https://doi.org/10.1093/cjres/rsz019
https://publica-rest.fraunhofer.de/server/api/core/bitstreams/1df8f729-56a6-461c-b280-682118b99b5c/content
https://publica-rest.fraunhofer.de/server/api/core/bitstreams/1df8f729-56a6-461c-b280-682118b99b5c/content
https://publica-rest.fraunhofer.de/server/api/core/bitstreams/1df8f729-56a6-461c-b280-682118b99b5c/content
https://publica-rest.fraunhofer.de/server/api/core/bitstreams/1df8f729-56a6-461c-b280-682118b99b5c/content
https://publica-rest.fraunhofer.de/server/api/core/bitstreams/1df8f729-56a6-461c-b280-682118b99b5c/content
https://publica-rest.fraunhofer.de/server/api/core/bitstreams/1df8f729-56a6-461c-b280-682118b99b5c/content
https://doi.org/10.1145/3412841.3442134
https://doi.org/10.1145/3412841.3442134
https://doi.org/10.1007/s11142-023-09797-2
https://doi.org/10.1007/s12599-014-0334-4

