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Abdulrahman Alsharif
ABSTRACT (Academic)

My dissertation explores how Natural Language Processing (NLP)sgpport job
advertisement discipline classificatiom help workforce researchers in analyzing labor market
trendsand relate it back to higher educatiém particular, this study investigates how NLP can be
used to identify disciplinspecific and educatielevel skill demands fronpre-classifiedlarge
scale online job advertisementerm Burning Glass TechnologiesAlthough engineering
education has madeng stepsin preparing studentsithkh foundational knowledge, employers
continue to report a misalignment between the skills students acquire in school and the skills
needed in practice. A key challenge in addressing this issue is the effective interpretation of semi
structured labor markedata such as online job postings, which contain rich but inconsistently
labeled skill information. To address this, | developed an NLP classification system that applies
patternbased text classification and flexible regular expression (regex) matahirgntify
relevant engineering job postings across Civil (CE), Electrical (EE), and Mechanical (ME)
Engineering.

The classification framework leverages a dictionary of O*NET job title terms and
engineeringspecific vocabulary to refine the labeling of jobs originally mapped using Standard
Occupational Classification (SOC) codes. To validate the classification agcuracaluated
results using confusion matrix metrics (accuracy, precision, recalcéi®) and performed
manual spethecking of 100 job ads from each discipline. The final classification system achieved
high FEscores across CE (94.2%), EE (91.7%), ks (93.0%), showing strong alignment with
humanjudged classifications. This step was essential to ensure accurate disspeloifec
labeling for subsequent skill demand analysis.

Guided by the SABERNorkforce Development (SABERVID) framework, the study
then addresses two additional research questions. The second research question examines how skill
demands differ by engineering di scidodtoralh.e and
Using skil!l mention proportions and statistic,
reveals that foundational technical skills like Drafting and Engineering Design, CAD, and
Microsoft Office tools are dominant across all three gidcii nes at the bachel oo
graduate level, postings increasingly emphasize managemented competencies such as
Project Management, Budgeting, and Scheduling, particularly in civil and mechanical engineering.
EE showed a higher graduatvel demand for specialized tools like MATLAB, Python, and
Simulation.



The third research question explores how skill requirements have changed over time from
2010 to 2022. Longitudinal analysis shows a growing emphasis on digital and programming tools
(e.g., Python, MATLAB) across all disciplines, especially at the gradexa¢¢ Simultaneously,
demand for traditional skills such as Drafting, Project Management, and Engineering Design has
remained steady or increased, signaling that core engineering competencies remain essential.
These timebased trends highlight the dualportance of technical depth and managerial fluency
in modern engineering roles.

This study demonstrates the potential of Nd#ed classification and analysis techniques
to extract meaningful trends from complex labor market datasets. In doing so, my dissertation
contributes to ongoing discussions about curriculum reform by provadieglicable framework
for aligning engineering education with workforce needs. The methodology introduced in this
study also offers guidance for researchers and institutional stakeholders aiming to apply NLP in
largescale skill demand analysis, therebypa@nding access to labor market insights that support
engineering workforce development.
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GENERAL AUDIENCE ABSTRACT

My dissertation investigates how engineering education can better align with workforce
demands by analyzing skill trends in online job postings using Natural Language Processing
(NLP). Despite the increasing need for specialized engineering talent, sigadrskills mismatch
exists between what graduates learn and what employers expect. This gap reflects the slow
adaptation of engineering curricula to fasblving technological and industrial landscapes.

To explore this issue, | analyzed over 3.4 million civil, electrical, and mechanical
engineering job postings from 2010 to 20@2e key challenge in using job advertisement data is
the inaccuracy of prlabeled occupational classifications. To address this, my study developed an
NLP classification system using pattdrased text analysis and regular expression (regex)
matching to efine the mapping of engineering jobs by discipline. This method improved
classification accuracy significantly, achieving-&bres above 90% across Civil, Electrical, and
Mechanical Engineeringpb postings, and ensured more reliable insights into employer skill
demands.

The results reveal distinct skill patterns across engineering disciplines and educational
levels. In civil engineering, job ads emphasized Drafting and Engineering Design, Project
Management, Budgeting, and Schedulsiglls are essentiafor infrastructure planning and
execution. Foundational tools like CAD and Microsoft Office remained dominant across all levels,
with managerial competencies increasing in gradigatel roles.In electrical engineering, core
technical skills such as Circuitry, Signal Peesing, Drafting and Engineering Design, and
Engineering Software appeared frequently, along with growing mentions of administrative skills
like Project Management and Scheduling. CAD, MATLAB, and Python were in increasing
demand, especially in gradudéwel positions that also required Simulation and Electronic
Hardware proficiency.For mechanical engineering, traditional skills such as Drafting and
Engineering Design, Equipment Maintenance, and Product Development were consistently
emphasized. Job posgmalso highlighted the need for Project Management, Budget Management,
and Business Process Analysis skills. Tools like SolidWorks, Excel, and CAD were commonly
required across all education levels, while MATLAB and Python were increasingly expected at
the graduate level.

Finally, lintegraedbig data analytics and NLP with the SABBERorkforce Development
framework, this study offers a scalable approach to understanding how employer expectations have



changed over time. The findings provide actionable insights for educators, curriculum designers,
and policymakers, encouraging reforms that equip engineering graduates with both the technical
foundations and professional skills needed for success inddyrapolving job market
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Chapter One: Introduction

Engineering skills are in high demand in the labor market today, with technological
innovation requiring specialized expertise across various engineering disciplines (The STEM
Labor Force of Today: Scientists, Engineers, and Skilled Technical Workerg, PaRdever,
supply shortages in the workforce and skills mismatches between what graduates possess and what
employers want to persist in many engineering occupatinus-Schammeé & Rey, 2021; Handel,

2003) This imbalance between supply and demand for specific engineering skills highlights the
need for a more significant understanding of the specific abilities and qualifications sought by
employers.

I n todayods competitive job market, job seel
skills in the highest demand. Multiple research studies show that the education system needs to
adequately prepare students for the modern workglicee et al., 2017; Heider et al., 2009;

Yang, 2019) According to a National Center for Education Statistics (NCES) report, acquiring
textbook knowledge remains critically important, yet traditional academic learning is insufficient.
Students also need adaptable, -weaild skills to apply knowledgéFiore et al., 2017)While
educational institutions still prioritize traditional curricula, they must evolve to provide students
with the versatile competencies required in the evolving job landscape. Moreover, the shifting
global economic and societal landscape and rapltht#ogical advancements are reshaping life,
work, and the skills needed for success by employees, employers, and job seekers.

As technology and industry evolve rapidly, the specific skills required for engineering roles
today differ from those needed a decade ago (Ghassoul & Messaadia, 2023; Kamaruzaman et al.,
2019; Pasek, 2005). The skills expected of engineers in the pastsafficient. However,
engineering curricula in higher education have yet to adapt quickly enough to align with these
shifting demands (Fiore et al., 2017; Mitchell et al., 2021). With the pace of development in
technology and business accelerating, eregmenust now gain new expertise to stay relevant.
Engineering programs must update curricula to ensure graduates have the skills matched to current
industry needs.

1.1 Online Job Advertisements: An Opportunity to Understand Skills Demands

My research will focus on online job advertisements, which | refer to as job postings or job
ads in different places in this dissertation. These online job advertisements can serve as dynamic
indicators of industry demands, reflecting the evolving needsployers and broader economic
trends(Hershbein & Kahn, 2018alEngineering job postings are potentially rich data sources that
reveal the competencies and skills prioritized by the industry and can be studied over time. Rather
than viewing these postings solely as vacancy advertisements, they could also be viewed as
offering valuable insights into the dynamic nature of employer expectations and needs for different
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skill sets (Deming & Noray, 202Q) By systematically collecting and analyzing data from
engineering job listings, higher education institutions also can better assess how well their
curricula align with the current needs of the engineering workfieaming et al., 2024)Such
analyses can uncover patterns in required skills, thereby providing a quantitative mechanism that
can enhance the dialogue between academia and industry to help educational programs remain
relevant and responsive to market demands.

1.2 Purpose ofktudy

My study aims to identify the skills in demand for engineering roles as stated in online job
postings, given evidence of a growing mismatch between engineering education and preparation
needed for the modern workplag@un-Schammé & Rey, 2021; Donovan et al., 2022; Handel,
2003; Harry J., 2013; Nikolov et al., 2018} technology and industry evolve rapidly, engineering
curricula should align with the practical competencies required by employers and the job market.
My proposed study aims to determine the various important skills of the engineering workforce by
analying a largescale historical data set of engineering online job postings. While-daeje
datasets offer valuable insights, they present inherent challenges (e.g., data inaccuracies and
inconsistencies). To overcome these limitations, particularlyntecuracies and inconsistencies
in prelabeled Standard Occupational Classification (SOC) codes, this study first developed a
Natural Language Processing (NLP) classification system as one of its contributions. Using
patternbased text classification ankéXible regex matching, the system refines the Occupational
Information Network (O*NET) SOC code mapping for the Burning Glass Technologies (BGT)
dataset, helping overcome challenges with noisy data and complex job taxonomies.

Additionally, this study determined how the technical skills employers twaratryacross
engineering disciplines and education levels. It also seeks to guide discussions about curriculum
changes to help students gain essential engineering knowledge and practical skills for the real
world. These skills and competencies are importarntdoger success and help smooth transitions
into the workforce. This study has important implications for engineering program leaders in
higher education and those designiourricula. The results can heseful data point for
conversations about curricular alignment with the key sldllsmp | o geenansl,6enabling
engineering programs to better prepare graduates with the competencies needed in today's
workforce.


https://www.zotero.org/google-docs/?qcYIrL
https://www.zotero.org/google-docs/?T00MIp
https://www.zotero.org/google-docs/?0c05iv
https://www.zotero.org/google-docs/?0c05iv

The following research questions guided the study:

0 RQL: How well can pattern text classification and flexible regex matching categorize pre
classified (SOC code) job postings into engineedisgiplines €.g., Civil, Electricaland
Mechanicakengineering)?

O«

RQ2: How do the proportions of different skills required for engineering jobs, as indicated

in job postings, vary across:
3 Levels of requisite education (i.e., ba
3 Engineering disciplines (i.e., Civil, Electricalnd Mechanicaéngineering)

0 RQ3: How have the proportions of different skills required for engineering jobs, as
indicated in job postings, changed across the period 0202, considering both levels

of requisite education and the specific disciplines of Civil, Electrical, anchafhecal
Engineering?

1.3 Conceptual Framework

The evolution of engineering education has long wrestled with balancing theoretical
knowledge and practical skills, as documented through historical shifts in curriculum development
(Seely, 2005)Although multiple research studies calls for better alignment between education and
workforce needs, achieving this alignment remains a significant chal{Etegring et al., 2024;
National Academy of Engineering, 2004, 201R)y study addresses this persistent challenge
through an innovative approach: analyzing lasgale historical job posting data to understand
employer skill demands. To frame this analysis, | employ the Systems Approach for Better
Education Results in Whkiorce Development (SABERVID) framework(Tan et al., 2013)as
adapted by Fleming et al. (2024). This framework examines the relationship between two critical
components: the supply side (skills provided by engineering programs) and the demand side (skills
required by employers). Although previous research htensixely examined the supply side
through curriculum analysis and educational outcomes, the demand side has received
comparatively less attention across various se¢Bills et al., 2017)

This study leverages BGT skill clusters, data extraction, and natural language processing
techniques to analyze millions of online job postings, representing a methodological advancement
in understanding employer skill demands. The -diateen approach ofhis research enables a
thorough examination of variables and their education levels @agc, h e Ima s & ®andd s
doctora) for civil, electrical, mechanical engineering ((EE/ME) disciplines. This method
addresses a crucial gap identified by Hadgaafi Kolmos (2020), who noted that engineering
educators often focus on individual course skills rather than how these skills collectively prepare
graduates for workforce demands. Guided by the SABER conceptual frameworfas used in
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Fleming et al., 2024)this study analyzes largeale job posting data from 2010 to 2022 to
examine the demand side of engineering workforce development.

Figure 1.1: Conceptual framework adapted from (SABERWID) (Tan et al., 2013)
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1.4 Research Design

This study analyzes trends in the engineering job market from 2010 to 2022 fadtisa
on the skills demanded by employers across various engineering disciplines and education levels.
Utilizing pre-processed skills clusters from BGT and technical skills from O*NET, the research
contains a substantial dataset of 3,490,091 data pointSH(EE/ME Largescale job posting
datasets from companies like BGT have been widely used in research (e.g., Bretkpet al.,
2019; Cerioli et al., 2023; Dawson et al., 2019, 2020; Forsythe et al., 2020; Squicciarini &
Nachtigall, 2021) for their eghsive semstructured historical data. However, my initial data
cleaning efforts revealed that working with such laggale datasets presents inherent challenges,
particularly when dealing with pilabeled O*NET SOC codes, which often contain inaccusacie
and information discrepancies. These challenges include inconsistent categorization of the fields
using occupational classification codes (i.e., SOC code). To address these methodological
challenges and enhance data quality, the study developed andskRichtion system specifically
tailored to improve discipline categorization. The methodology incorporates multiple data
preprocessing protocols and systematic manual spot checks for error handling, ensuring reliable
analysis results.

The analysis utilizes aaxplorationquantitative approach to the BGT dataset, refined
through the NLP classification system. The analytical framework consists of three key
components: First, | systematically categorized family skills and skitsss CEEE/ME and their

4


https://www.zotero.org/google-docs/?5K3MST

educational levels (bachefsr masteis, and doctoral degrees). This categorization enabled me to
calculate the proportion of job postings requiring specific skills, including family and individual
skills, within each segment, providing anderstanding of skill demands across the engineering
workforce hierarchy. Second, | conducted a longitudinal analysis spanning 2010 to 2022,
examining how skill requirements have evolved and changed over time. | identified significant
patterns through trel analysis techniques, including skill correlations across educational levels
and the emergence of new skill demands in the engineering job market. Finally, this analysis aimed
to provide actionable insights for multiple stakeholders. The results casttagggically align the

key skills employers demand, enabling engineering programs to better prepare graduates with the
competencies needed in todayoés workforce.

1.5 Anticipated Implications and Stakeholders

The implications of this research extend across multiple stakeholder groups within the
engineering workforce ecosystem. Educational institutions, including universities and technical
schools, can leverage these insights to enhance their curricula anetailggional outcomes with
market demands, while policy and regulatory bodies such as the U.S. Department of Labor and
Federal Communications Commission can develop more informed workforce development
strategies. Industry stakeholders, including employarsjan resources (HR) departments, and
professional organizations (e.g., Institute of Electrical and Electronics Engineers (IEEE),
American Society of Mechanical Engineers (ASME), American Society for Engineering
Education (ASEE)), can align their develogmh programs with emerging skill demands. At the
individual level, engineering students can make informed decisions about their educational
pathways, while career services can provide evidéased guidance for career planning.
Furthermore, the researcbramunity can build upon this foundation to further investigate the
relationship between technological advancement, skill evolution, and career success in
engineering. Economic development agencies can also utilize these findings to support better
regional growth initiatives based on identified skill needs. This nmsitikeholder perspective
ensures that the research findings contribute to both theoretical understanding and practical
applications in engineering workforce development. Finally, this reseatobducesa new
classification method for improving the BGT dataset, which researchers use regularly.



1.6 Glossary of terms:

1.6.1 Burning Glass Technology (BGT)

A company specializing in labor market analytics collects and analyzes millions of online
job postings. It provides labonarket data by scraping and coding online job posts from various
online job boards and company websites
1.6.2 Occupational Information Network (O*NET)

A comprehensive database developed by the U.S. Department of Labor that contains
standardized, occupatigpecific descriptors, including required skills, knowledge, and abilities
for various occupations in the U.S. labor market.

1.6.3 Skill Family

A broad category or group of related skills that share common characteristics or serve
similar purposes improfessional contexts (e.g., Engineering skills and Information technology
skills) developed by BGT.

1.6.4 Individual Skills

Specific skills or abilities listed within job postings representing discrete capabilities
required for a position (e.g., Python, writing, dataalysis, writing writing, writing, etc.)
developed by BGT.

1.6.5 CE/EE/ME Engineering discipline abbreviations representing:

Civil Engineering (CE), a discipline that focuses on designing, building, and maintaining
our environment, including roads, bridges, buildings, and water sygfemarican Society of
Civil Engineers, 2024)Electrical Engineering (EE) is a discipline that studies, designs, and uses
tools and systems that work with electricity, electronics, and electromagnéBiamey Smith,
2019) Mechanical Engineering (ME) is a field dedicated to the design, manufacturing, and
maintenance of mechanical systems, including engines, machines, and thermal devices.
Mechanical engineers apply their expertise to create solutions that improve quéfiay fodbm
medical devices and autonomous vehicles to renewable energy and industrial aut@mextiar
et al., 2024)

1.6.6 Natural Language Processing (NLP)

Is a branch of artificial intelligence that enables computers to understand, interpret, and
analyze human language in text form. This study uses NLP techniques to systematically categorize
and analyze job posting.
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Chapter Two: Literature Review
2.1 The Flow of Literature Review

This chapteexplores the critical aspects of engineering education, industry expectations,
and the evolving labor market. It begins by examining the foundational role of educational
institutions, such as universities and technical schools, along with the infludacealf members
and accreditors like the Accreditation Board for Engineering and Technology (ABET) in shaping
engineering curricula. This initial discussion highlights the traditional emphasis on theoretical
knowledge, often overshadowing the practicalskighly valued by industry employers, such as
troubleshooting and data analysis. Building on this, the chapter explores the need for more
alignment between academic programs and industry needs, noting the underrepresentation of
practical competenciekk teamwork, communication, and problsoiving in curricula.

Further contextualizing the discussion, the chapter situates these issues within the broader
STEM fields, highlighting the increasing demand for STEM skills and the significant contributions
of STEM professionals to economic growth. This analysis incladesxamination of current and
projected shortages in the engineering workforce, driven by rapid technological advancements and
a skills mismatch, which have profound implications for economic and innovation capacities.

In continuation, the chapter reviews efforts to reform engineering education, advocating
for a shift towards integrating interdisciplinary and professional skills, prbgs®d learning, and
advanced technologies. It summarizes key competencies nec&ssangineering graduates,
emphasizing the importance of both technical proficiency and broader professional skills.
Additionally, online job advertisements are explored as valuable data sources for understanding
industry skill demands, focusing on theeadf human resources in shaping workforce skills
through strategic job ad design. Furthermore, the Occupational Information Network is discussed
as a crucial tool for providing comprehensive occupational @dadig career planning and
workforce development.

2.2 Engineering Education and Industry Demands

Engineering education aims to prepare graduates for successful careers in various
engineering disciplines. Traditionally, engineering curricula are designed by faculty members,
who base their decisions on their perceptions of the essential knowledge asidllabilities that
engineering graduates will ne@@eming et al., 2024)Faculty members and accreditors play a
pivotal role in shaping engineering curricula. Their decisions are influenced by their academic and
research background8rown & Knight, 2014)as well as general learning outcomes set by
accreditation bodies such as ABKFelder & Brent, 2003; Passow, 2012) ABETO0s cr i t
emphasize the importance of foundational engineering principles, theoretical knowledge, and
technical competencies. Consequently, faculty members design courses that reflect these standards
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and their industry experiences, ensuring that students receive a comprehensive education grounded
in essential engineering concefBrown & Knight, 2014; Felder & Brent, 2003} his approach
provides students with a robust theoretical framework and technical proficiency.

However, these perceptions may not always align with the actual demands of industry
employers. This disconnect can lead to a gap between the skills engineering graduates possess and
those required by employers, a f ffencahce mghe t h e
professional environment (Fleming et al., 2024). Industry employers tend to prioritize practical
skills and applied knowledge that directly impact job performance (National Academies of
Sciences, Engineering, and Medicine, 2017). According survey conducted by the NACE
(2017), employers value skills such as teamwork, communication, praolkemg in unfamiliar
situations, and specific engineering discipline knowledge as critical for engineering graduates.
These skills are essential faddressing realorld challenges and ensuring smooth operation
within engineering roles.

The disconnect between academic preparation and industry requirements becomes evident
when examining the most frequent work roles for engineering graduates. For instance, the NACE
report on Engineering Technology Education in the United States revealeéntipioyers
frequently require graduates to perform tasks such as troubleshooting, repairing equipment,
conducting quality control checks, and managing technical staff (National Academies of Sciences,
Engineering, and Medicine, 2017). However, these mactkills may not be adequately
emphasized in academic programs that focus heavily on theoretical knowledge atelddigh
mathematics. Further illustrating this gap, the report highlighted that a significant portion of
employers were either unaware of ot fully informed about the specifics of engineering
technology (e.g., manufacturing tools and machinery), suggesting a communication gap between
academia and industry (National Academies of Sciences, Engineering, and Medicine, 2017). This
lack of awareass can lead to misaligned expectations, where graduates may possess strong
theoretical foundations but lack the practical skills necessary for immediate job readiness.

Research evidence further supports the existence of this disconnect. Employers indicated
that engineers work on tasks such as testing and maintaining equipment, troubleshooting and
repairing, and conducting quality control checks (National Academy of Eagiy, 2017). Many
of these tasks require harols experience and practical probkswiving skills, which are often
underemphasized in traditional engineering curricula. Research findings also suggest that industry
employers prioritize skills such as comnication, decisioimaking, problerrsolving, leadership,
emotional intelligence, social ethics, and working with individuals from diverse backgrounds
(Ramadi et al., 2013; Katz, 1993; Nair et al., 2009; National Academy of Engineering, 2017)
Despite the critical importance of these skills, recent engineering graduates often fall short of
industry expectations. This disconnect highlights the need for educational programs to better align

g
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with the practical and interpersonal demands of modern engineerind Kalesaruzaman et al.,
2019)

To addressthis, disconnect, fostering stronger collaborations between academic
institutions and industry partners is essential. Establishing industry advisory boards, enhancing
internship and cop programs, and integrating reabrld projects into the curriculum can pide
students with handsn experience and exposure to industry praciielesenga & Swart, 2022;

Rusu et al., 2009; Schneider & Iglesias, 20Rggular feedback from employers can help
academic institutions adjust their curricula to better align with the evolving needs of the
engineering workforcéJeyamala et al., 2022; Kamaruzaman et al., 2019; Pan et al., E023)
example, industry advisory boards can offer valuable insights into current industry trends and
emerging technologies, enabling faculty to update course content accordingly. Internship and co
op programs allow students to gain practical experiencapply their theoretical knowledge in
realworld settings, enhancing their job readiness upon graduélieyamala et al., 2022;
Kamaruzaman et al., 2019; Pan et al., 2028ditionally, incorporating realvorld projects into
coursework can simulate professional challenges and encourage students to develop practical
problemsolving skills.

Finally, while engineering curricula are built around the perceptions of faculty and
accreditors, there is a critical need to ensure these perceptions are informed by the practical
requirements of industry employgiisleming et al., 2024)Bridging the gap between academic
preparation and industry expectations, engineering education can produce graduates who are
knowledgeable and wedquipped to meet the demands of their professional careers.
Strengthening collaboration between academéiiadustry, integrating practical experiences into
the curriculum, and continuously updating course content based on industry feedback are essential
to achieving this alignment. My dissertation further contributes to this effort by investigating the
evolving skill requirements in engineering disciplines, providing insights that can help refine
educational programs to better align with current and future industry needs.

2.3 Aligning STEM Education with Industry Demands
Considering the evolving landscape of engineering education and the importance of

aligning curricula with industry needs, it is essential to recognize the broader context of STEM
fields. The contributions of individuals working in STEM disciplines sigaifity enhance a

countryés gquality of i f e, economic growt h, 8
STEM help i mprove a countryés quality of [|ife,
2021 report by the National Science Foundationt | ed A The STEM Labor
Scientists, Engineer s, and Skilled Technical

is growing faster than the labor market. The growth is significant, especially for computer and
engineering occupations lf& STEM Labor Force of Today: Scientists, Engineers, and Skilled
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Technical Workers, 2021). These findings align with thosKedlfy et al. (2018) whaneasured

the technical innovations and advancements across industries over the last 100 years. In their
findings, the computer and electronics indusdrg increasing in innovation along with other
industries such as construction, food agriculture, and manufacturing, but not at the same rate as
the computer and electronics industry in the last two decades.

For instance, employment in computer and mathematical occupations is expected to
increase by 15.8% from 2020 to 2030, resulting in the addition of over half a million new jobs
(Bureau of Labor Statistics, 2021). Architecture and engineering employmeaijeisted to grow
by 5.6%, construction and extraction is projected to grow by 5.7%, and life, physical, and social
science is growing to 7.9% in the same timeframe (Bureau of Labor Statistics, 2021). Innovations
in emerging technologies like artificial gltigence, robotics, the Internet of Things, autonomous
vehicles, 3D printing, materials science, and quantum computing fuel this rapid growth. As these
technologies are further integrated and adopted across sectors, demand for STEM skills will
accelerateeven faster. Industries from healthcare to agriculture to renewable energy all benefit
from advanced STEM capabilities.

However, the supply of qualified STEM workers in the United States has not kept pace
with the demand. A shortage of workers with the needed STEM skills leads to recruitment
difficulties (The STEM Labor Force of Today: Scientists, Engineers, and Skillednitat
Workers, 2021). Providing training for employers to upskill their employees would be costly and
timely but still beneficial for both parties. Another option is to teach students these technological
advancements and skills in their respective dise#sl to prepare them when they enter the
workforce. According to many economists, technological advancements increase the wages of
educated workers when new skills are obta{#edor et al., 1998; Berman et al., 1994; D. Deming
& Noray, 2019) Therefore, teaching or learning these skills is beneficial not only for students but
also for the future workforce.

Given the evolving labor market demands, it is crucial to understand how more specific
industrywanted professional and technical skills vary among engineering disciplines and levels
of education. The aim of my dissertation is to identify specific engmgeskills trends over time
to address and understand the evolving skills required across engineering disciplines. This
understanding will enable educational institutions to better align their curricula with industry
needs, ensuring that graduates are-madpared to meet the demands of their professional careers.

2.4 Engineering Labor and Supply
Understanding these evolving demands (i.e., labor market demands) is particularly urgent

in light of the ongoing workforce shortage of engineers and scientists, a persistent issue in the
United States and other countries for decgdesow & Capron, 1959; Atkinson, 1990This
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shortage has influenced science education policies and led to increased funding for STEM
education programs, with its roots tracing back to the end of World W8miith, 2017. One

maj or consequence of the National Science Fou
675,000 highly skilled scientists and engineers in the-totldte 1980s was an industigd

campaign that resulted in the establishment of th&8Hdmporary visa for specialist workers as

part of the 1990 Immigration A¢Gmith, 2017; Weinstein, 19987 his visa program aimed to

recruit highly skilled scientists and engineers from overseas, with the only eligibility requirement
being a bachel orés degree or e(@@miih2@lr)ent exper

While widespread shortages across the sector are often unsubstantiated, localized, short
term shortages in specific disciplines or geographic areas may occur due to economic, political, or
technological changes. Nowadays, the shortage persists with addggexity regarding
candidateso skill |l evel s because of rapid tec
Today: Scientists, Engineers, and Skilled Technical Workers, 2021). Technological advancements
and innovations can shift the job market andkiarce demands by requiring specialized skills
and expertise that may not be readily available in the existing workforce. This can lead to localized,
shortterm shortages of skilled workers in specific disciplines or geographic areas at the forefront
of these technological changes (Smith, 2017). Rapid technological progress can outpace the ability
of educational institutions and training programs to adapt their curricula and produce graduates
with the necessary skills (The STEM Labor Force of Today: SstenEngineers, and Skilled
Technical Workers, 2021).

These fast changes create a lag between the demand for skilled workers in emerging
technologies and the supply of qualified individuals. Employers may struggle to find candidates
with the specific expertise required for new technologies, leading to lstitiegies in those areas,
which is considered one of the reasons for STEM and engineering sh¢8agts 2017) My
work aims to address this issue by providing data that may be leveraged by educational institutions
and training programs to consider whether current curricula effectively emphasize the
development of these necessary skills. The lack of a strongesngig and scientific workforce
can significantly affect economic growth, global competitiveness, and national security. A robust
STEM workforce drives innovation and technological advancements and maintains a competitive
edge in the global markéArrow & Capron, 1959; Atkinson, 1990)

2.5 Present Engineering Workforce
In 2018, according to the U.S. Bureau of Labor Statistics (BLS), the workforce included
about 2 million engineers, 700,000 engineering technicians and technologists, and 4.1 million

people working in computational fields (Wilson, 2019). Engineers workedrinus jobs, often
requiring similar education and skills. About 75% of engineers were employed in manufacturing,
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professional services, or government roles at the federal, state, and local levels (Wilson, 2019).
Engineers were also found in many industries, including retail, entertainment, food services, and
real estate. Almost half of the engineers in 2018 weré ongchanical, or industrial engineers,
while fewer worked as agricultural, mining, geological, or marine engineers due to the specialized
nature of these fields (Wilson, 2019).

Expanding on this, a report titled AThe U.
Current, and Projected Empl oyment, Wages, and
science and engineering (S&E) workforce consisted of approximately 6.9 miltioriduals,
representing 4.9% of the total U.S. employment; engineering roles accounted for 23.9% of those
positiong(Sargent Jr, 2017Employment growth in these fields from 2012 to 2016 was significant,
with a compound annual growth rate (CAGR) of 2.9%, compared to the overall U.S. employment
growth rate of 1.9% CAGRSargent Jr, 2017)

Between 2012 and 2016, unemployment rates in science and engineering (S&E)
occupations were notably lower compared to other job categories such as service, sales, and
construction (Sargent Jr, 2017). Historically, professional roles, including those in Ha&e&
consistently maintained lower unemployment rates than the broader workforce. In 2016, most S&E
occupations had unemployment rates ranging from 2.0% to 2.9%, which, although slightly higher,
were still more favorable compared to other professiomddidilike law (0.7%) and medicine
(0.5%). Life scientists, in particular, had an even lower unemployment rate of 0.6% (Sargent Jr,
2017).

Looking ahead, the BLS forecasts that from 2016 to 2026, employment in S&E fields will
grow by 853,600 positions, reflecting an annual growth rate of 1.1%, which slightly outpaces the
overall workforce growth rate of 0.7%. By 2026, the BLS anticipatesed far 5.179 million
scientists and engineers to fill positions due to workforce exits and job transitions. This will result
in a total of 6.033 million job openings in S&E occupations, including 1.265 million in engineering
alone (Sargent Jr, 2017).

Despite these projections, there is ongoing debate regarding the adequacy of the current
S&E workforce in the United States. While thera isroadconsensus on the critical role of S&E
professionals, opinions diverge on whether the current workforce is sufficient to meet the growing
demand. Some argue that the shortage of scientists and engineers stems from an insufficient
number of graduates with&& degrees, while others suggest that the issue lies in a mismatch
between the skills workers possess anchteds of employers (Sargent Jr, 2017).

The mismatch in skills can be attributed to various factors, including rapid technological

advancements that create new skill requirements as new tools and technologies are introduced.
Additionally, education curricula often fail to keep pace with theengldemands of the job
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market. My study seeks to identify the skills that employers have prioritized over the past decade,
aiming to assist educational institutions in having comprehensive data to ground curricular
conversations regarding alignment with dynamic industry needs.

2.6 Efforts to Improve Engineering Curricula

Many researchers have recommended different educational reforms in response to the fact
that engineering curricula are not keeping pace with market demands. Some scholars have
suggested that engineering education should shift from solely focusing onifisciand
mat hemati cal principles to a broader emphasi
aspectgGrimson, 2002; Lang et al., 1999; Walkington, 2002jese reforms should consider the
needs of the engineering profession, as well as social, economic, and institutional factors,
alongside student considerations (Walkington, 2002). Other researchers have argued that
engineering programs should undergdstantial revisions to realign with their foundational
service mission, emphasizing professional skills developiiMobre & Voltmer, 2003) While
minor adjustments are continually made, significant changes in the curriculum are often driven by
external agencies or shifts in market demghtis/wood, 2005)

With calls to improve engineering curricula, many scholars have undertaken significant
work on curricula and courricular development). B. Knight et al., 2013; D. B. Knight &
Novoselich, 201y, pedagogical strategieBdrrego et al., 20)3and experiential learnin@éretti,

2008; Paretti et al., 2007; Tembrevilla et al., 20Moreover, these changes in engineering
education have also led scholars to investigate foundational engineering competencies (e.g.,
mathematics, applied sciences, engineering design, predabing skills, and technical
proficiency), which are now begncomplimented by a growing emphasis on interdisciplinary and
professional skills like data analytics, project management, and communication (Furman &
Weissman, 2020; Mitchell et al., 2021 Paretti, 2008; Paretti et al., 2007). The evolving economy
reflectsthat engineers must excel technically and navigate the complexities of a rapidly changing
professional landscape. This dynamic shift in required abilities is critical for educational
institutions to understand, ensuring engineering programs adequatpbrepstudents for the

mul ti faceted <chall enldadgsait & Kolmbsy 2020) Begond vdomraik f or c e
expertise, engineers now need versatile competencies to thrive in an interdisciplinary, rapidly
advancing field. Identifying these expanding skill sets that employers seek allows academia to
adapt curricula, equipping graduates for success

However, keeping up with the evolving skills required for engineering roles has posed
persistent challenges. As societies, industries, and technologies evolve, the skills in demand also
change over time. This dynamic often creates a mismatch betweenlihatsklents learn via
higher education and the skills employers need in the workforce. However, some studies have
aimed to identify the kdemand skills and competencies for engineers across do(Rrénsng
et al., 2024; Kaushal & Vaghela, 2023)echnical core competencies like programming, data
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analysis, and systems design remain foundati®iaming et al., 2024; Kaushal & Vaghela, 2023;
Pagur Anil|l il eBasi@2010) 2022; Sarajlic

My research will build upon existing knowledge by investigating how engineering skills
have evolved across different engineering disciplines over the past 12 years. This overview
identifies the critical skills and competencies necessary for engineersgtliagin academic
studies. However, there seems to be a gap in fully understanding and aligning these skills with the
specific needs and expectations of employers. This gap points to the need for further research to
ensure that engineering education aoly provides students with these essential skills but also
meets the evolving demands of the industry.

2.6.1 Essential Skills and Competencies in Engineering Education

The previous section highlighted the curricular advancements advocated by scholars to
prepare engineering students for a competitive workforce. To ensure engineering programs remain
relevant and effective, there has been a significant shift towards inatingaearbased, projeet
driven activities and integrated learning of professional competencies. Adopting these skills from
research to practice involves creating educational environments that reflagbrigathallenges
and demands, fostering a hatisievelopment of engineering graduates who areeelipped to
meet the evolving needs of the industry. Scholars emphasize that further enhancements are
necessary to fully prepare engineering graduates for the challenges of thefimsemgntury
(Davidson et al., 2010; Gutiérrez Ortiz et al., 2021; Violante & Vezzetti, 201" owe v er , At h
a 21st century response to the employability challenge and is still an emergent response from some
engineering institutions, but it is on the letggm horizon, and it will involve new competencies
from engineering t u d edadgraft& Kblmos, 2020, p. 7).

For instance, scholars expressed that undergraduate engineering should prioritize the
enhancement of conceptual understanding, the improvement of analytical skills, and the
engagement with contexich, multifaceted problems to adequately prepare studentshe
complexities of professional practi¢®. Brown et al., 2019; Litzinger et al., 201%ith that in
mind, researchers expressed that engineering students develop a deep conceptual understanding of
fundamental principles, enabling them to apply this knowledge flexibly across diverse scenarios
(Litzinger et al., 2011). This foundational corapension is crucial for the effective analysis and
synthesis of engineering problems. Improving analytical skills involves not only mastering
mathematical and computational techniques but also developing the ability to critically evaluate
data, identify ptterns, and draw informed conclusions (S. Brown et al., 2019; Litzinger et al.,
2011).

As engineering education increasingly focuses on preparing students for the dynamic
demands of modern industries, fostering interdisciplinary collaboration has become equally vital.
The previous section underscored the importance of evolving educaticataligts to equip
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students with both technical and conceptual skills necessary for modern engineering challenges.
However, the multifaceted nature of todayos
boundaries, necessitating a shift towards more collaborative ngagnvironment¢Borrego &
Newswander, 2010)

In response to this need, educational institutions are emphasizing interdisciplinary projects
and tearrbased learning. This approach not only enhances predsénmg skills but also fosters
essential communication and teamwork abilities. Borrego and Nawger (2010) argue that
interdisciplinary learning environments enable students to tackle complex issues from various
perspectives, leading to innovative solutions that address critical technological and socio
technological challenges such as sustainghélitd public health. Furthermor@lsharif et al.,
2024)Alsharif et al. (2024) demonstrate that structured interdisciplinary research experiences, like
those following the Vertically Integrated Projects (VIP) model, are important in developing
practical, transferable skills essential for future professiondésroThus, integrating
interdisciplinary collaboration into engineering education complements the advancements
discussed in the previous section, ensuring that students arprefdired to navigate and solve
complex, reaworld problems.

Furthermore, research recommended exposing students to edctiexinultifaceted
problems that mirror reatorld challenges to enhance their ability to integrate knowledge from
various domains, consider multiple perspectives, and devise innovative rsluiibese
educational strategies collectively foster the development of expertise, preparing students to
navigate and address the novel, complex issues they will encounter in their engineering careers (S.
Brown et al., 2019; Litzinger et al., 20Havenga & Swart, 20227 o effectively prepare students
for the dynamic engineering landscape, educational strategies must evolve alongside technological
advancements. Violante and Vezzetti (2017) build on this premise by highlighting the necessity
for engineering education tancorporate cuttinggdge technologies, such as additive
manufacturing, t o esalingabiities and aligd their skdldwitlpindasbyl e m
demands. Their research demonstrates how integrating these technologies into curricula can
transformtheoretical concepts into practical, haimisexperiences, thereby fostering critical skills
necessary for the modern workforce (Violante & Vezzetti, 2017).

As engineering education adapts to incorporate advanced technologies and innovative
teaching methods, there is also a growing recognition of the need to integrate sustainability into
the curriculum.Davidson et al. (2010highlight this need, advocating for the inclusion of
sustainability principles to better prepare engineers for the complex challenges of the 21st century.
Their research highlights the importance of supporting faculty in embedding sustainable
engineeringconcepts through various resources and commumiifgling efforts. Despite some
progress, their findings reveal significant variability in how these concepts are applied across
institutions, suggesting that ongoing curriculum updates are essential taeapuates with the
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skills needed to tackle sustainability challenges effectively. This example demonstrates that over
time, we would expect to see new societal problems and technological advancements reflected in
what engineers need to understand, and my dissertation adatetd such changes in the skills
represented in job advertisements.

Building on the integration of advanced technologies and sustainability, Gutiérrez Ortiz et
al. (2021) further emphasize the need for engineering education to cultivate a broad range of
graduate attributes through engaging, epeded activities. Their stly highlights that to thrive
in todaydéds complex worl d, engineering graduat
develop transferable skills, professional values, and sustainability attriGuiksrrez Ortiz et al.,
2021) Incorporating realvorld, unsolved problems into the curriculum, such as capstone design
projects and sustainability assignments, students are better equipped to enhance their collaborative,
critical thinking, and multperspective probleraolving abiliies (Gutiérrez Ortiz et al., 2021; A.
Katz, Shealy, et al., 2020; Milovanovic et al., 2021)

These activities also show the importance of ethical, social, and environmental
considerations in engineering practig® Katz, Reid, et al., 2020\dditionally, the authors
emphasize the importance of engineering education needing to adjust and integrate new teaching
methods constantly. They argue that these approaches can more effectively equip graduates to
meet the changing needs of employers soaety. The research findings highlight the essential
role of incorporating opeended problems and activities into engineering curricula for the
development of versatile engineers capable of addressing the diverse challenges of the 21st
century.(Gutiérrez Ortiz et al., 2021)

Moreover, researchers in the field have noted a profound transformation in the past decade,
driven by rapid technological advancements and evolving industry derftdmailsna & Kumar,
2020; Melnikova et al., 2020)The incorporation of new methodologies, tools, and
interdisciplinary approaches into engineering education has been crucial in shaping the skill sets
of modern engineer@elnikova et al., 2020)The emphasis on technical proficiency and digital
literacy has increased due to the widespread use of advanced software tools and programming
languages. As a result, engineering curricula now include comprehensive training in these areas.
For example, tlintegration of MATLAB and other programming languages has become standard
in many engineering programs, allowing students to develop strong computational and analytical
skills. (Colgan, 2000; Larsen et al., 2016, 2016; Ozgur et al., 2021)

Additionally, the rise of big data and artificial intelligence has led to a greater focus on data
analytics and machine learning, equipping engineers with the ability to handle compldx\data
tasks(Nti et al., 2022; Rahmani et al., 202However, none of these studies have examined how
these skills evolve over time or utilized a dataset as extensive as the one | will be using in this
study, which contains over 6 million data points. Through this analysis, | seek to contribute to the
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ongoing discourse on engineering education by offering insights into effective strategies for
fostering these essential skills and competencies. The findings will inform curriculum
development and instructional practices, ensuring that engineering progratimsie to produce
graduates who are not only technically proficient but also adaptable, ethical, and capable of
addressing the multifaceted challenges of the modern engineering landscape.

2.6.2 Engineering Education inndustry 4.0 Era

The previous sections examined the reseaffdrts, and the essential skills required for
engineering students based on a comprehensive literature review. However, this discussion did not
fully address the implications of the Fourth Industrial Revolution, a transformative economic era
characterized by ragitechnological advancements and digital innovation. The Fourth Industrial
Revolution, or Industry 4.0, introduces new paradigms such as automation, artificial intelligence,
the Internet of Things (loTand advanced data analytics, which are reshaping industries and the
workforce.

As we transition into this new era, the rise of Industry 4.0 has created a pressing need for
significant changes in engineering education. To effectively prepare students for the demands of
an increasingly digital and automated industrial landscape, éohaainstitutions must adapt
their curricula to incorporate the latest technological advancements and methodologies
(Kamaruzaman et al., 2019; Khanna & Kumar, 2020; Ustundag et al.,. 2Ra&nt research
highlights several critical areas where engineering education must evolve to support innovative
product development and prepare graduates for future challenges. It is essential to integrate data
and computing technologies into engineemogricula, teaching skills in data modeling, big data
analytics, and machine learning{amaruzaman et al., 2019; Khanna & Kumar, 2020; Ustundag
et al., 2018) This is crucial for handling the large amounts of data generated in modern industrial
processes and for developing predictive and prescriptive analytics capabilities. Engineering
programs should provide comprehensive training in these areas to eqigmtstwith the
necessary skills for dat#riven decisiommaking and innovation (Ustundag et al., 2018).
Incorporating valueadded automated operations into education is crucial. This includes teaching
robotics, automation, smart and embedded systemsdaiitd/a manufacturing.

Engineering programs should provide practical, hardsexperience with these
technol ogi es to enhance student séb technical
automated systen{t/stundag et al., 2018Another important aspect is to emphasize innovation
and entrepreneurship in engineering education, which includes teaching students about innovative
materials, new business models, and the skills needed for entrepreneurship in a rapidly changing
technolgical landscape. Engineers must innovate and adapt to new technologies and market
demands in theindustry 4.0 era. Educational institutions should focus on developing
entrepreneurial skills alongside technical knowledge to prepare graduates for leadership roles in
innovation.
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To ensure that engineering education remains relevant and effective, it is very important to
integrate the competencies and skills required for success in this new era. This includes not only
mastering emerging technologies but also developing a deepstamBng of how these
technologies intersect with traditional engineering practices. For instance, competencies in data
analytics and machine learning have become increasingly important as industries leverage big data
to drive decisiormaking and innovatio. My study aims to identify the skills needed for the Fourth
Industrial Revolution by analyzing a large dataset of job advertisements. It seeks to uncover the
specific skills in demand for engineering disciplines and contribute to aligning engineering
edwcation with evolving industry needs.

2.7 Traditional and Modern Approaches: Online Job Posting Analysis

In the context of evolving industry demands and technological advancements, it is
important to evaluate how well engineering education aligns with the skills sought by employers.
To bridge this gap, one effective approach is to utilize online job adwedigs, commonly
known as job postings or job ads. These advertisements can serve as important indicators of
shifting industry demands and broader economic trends. They offer a dynamic reflection of
empl oyer sé evol vi n(flershbeir & ISsahna203BSpeaifieaflyeenginaecing s
job postings provide a wealth of information on the competencies and skills that the industry
prioritizes. Rather than merely representing vacant positions, these advertisements should be
viewed as valuable sources of insightioi what employers expect and require from prospective
candidate¢D. J. Deming & Noray, 2020)

There are a variety of different ways to study the alignment between industry skill
requirements and educational outcomes, and researchers within engineering education have
followed a variety of different approaches, each with a set of tradeoffs. Forlexaome studies
have gathered extensive national data through surveys directed at employers and recent graduates.
These surveys are designed to reveal any gaps between the skills needed in the workplace and
those emphasized in undergraduate programs [(@tjuca et al., 2014/olkwein et al., 2004)

Other research has adopted a longitudinal perspective, following students from their capstone
projects through their early career stages. This approach employs brief surveys and reflective
evaluations to identify transitional issues and preparation geyos, Ford et al.,, 2019).
Additionally, some studies have involved interviewing recent graduates to assess their views on
their job readines@Martin et al., 2005)

However, in the last decade, many researchers have started using job advertisements as a
method to investigate the skills sought by employers. For instance, Hartmann and Jahren (2015)
explored job postings in construction and engineering, examining 6® adsess the focus on
leadership skills. Similarly, Watson and Lyons (2011) analyzed 77 job ads to evaluate the demand
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for technical and professional skills among chemicaMBdPhDs. Graham and Porterfield (2018)
expanded this research by studying 82 engineering job ads from the Chicago area, emphasizing
the prevalence of professional skills. Early studies in this field examined a relatively small sample
of job advertisements aive to the volume of ads available at the time, which limited the overall
scope analysis.

Passow & Passow, (201¢onducted a thorough meamalysis of 36,100 job ads,
extracting qualitative data on engineering competencies and integrating findings from 25 studies.
A more recent study highlighted empirical evidence from a dataset of 26,103 job advertisements
to inform debates about the alignment of engineering curricula with workforce needs (Fleming et
al., 2024). For example, the prevalence of skills like prokdeiving and teamwork raises
guestions about whether curricula enable students to develop these dicilsrdlyl. Additionally,
the salary premiums associated with certain technical skills provide insights into the tradeoffs
programs and students face regarding skill development (Fleming et al., 2024).

With the advancement of technology in the past decade, job advertisements have become
more detailed and accessible, providing new opportunities for analyzing the labor market. Previous
studies bywatson and Lyons, (20L1Hartmann and Jahren, (201&8hdGraham and Porterfield,

(2018) have provided valuable insights but were limited by small sample sizes. Even more
extensive analyses, | i keandyaiso$36,000 pmnads aRddFemnirgw o s
et al.od6s (2024) study of 26, 10I&g dataanalyticd.do no't
address these limitations, my study analyzed a larger and more comprehensive dataset of job
advertisements (N=3,490,091) from 2010 to 2022.

Expanding on existing research, my study analyzed job advertisements from the past 12
years to understand how the demand for engineering skills has changed across different
engineering disciplines and educational levels. This research contributes tectissidin on how
engineering education can better meet emerging industry needs and technological advancements.
By using larger datasets, the study provides a more comprehensive view of job market trends and
skill demands, reducing the risk of anomalies affiering a clearer picture of prevailing patterns.

With six million job ads, my research identified subtle trends and correlations that may not be
apparent in smaller samples. The objective is to deliver a more robust analysis that can help shape
the devabpment of engineering curricula, ensuring they are aligned with current industry needs
and technological advancements.

2.8 Occupational Information Network (O*NET)
The Occupational Information Network (O*NET) c®@mprehensivelata on job roles,

including detailed descriptions of tasks, required skills, and necessary qualifications (Cifuentes et
al., 2010). O*NET is a database of occupational information that has become a vital resource for
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career planning, job matching, and workforce development. Developed and maintained by the U.S.
Depart ment o f Labordés Empl oyment and Trainin
information on the knowledge, skills, abilities, and other characteristigsred for a wide range

of occupationgCifuentes et al., 2010; Peterson et al., 200he of the features of O*NET is its
detailed occupational descriptions, which include information on the tasks, tools and technologies,
work activities, and work context associated with each occupation (Cifuentes et al., 2010). The
comprehensive databalsg O*NET helps individuals explore career options, identify occupations
that match their interests and skills, and plan educational and training pathways (Cifuentes et al.,
2010). Another important aspect is how organizationsthk€©*NET contribute to this process.
O*NET provides comprehensive data on job roles, including detailed descriptions of tasks,
required  skills, and necessary qualifications  (Cifuentes et al., 2010).

The database, which supports over 900 occupations, provides detailed information about
job requirements, skill s, educati on, and ot he
skills and knowledge with appropriate job roles. Key features of O*NE®h as the Occupation
Taxonomy, My Next Move, Bright Outlook and Green Occupations, and the O*NET Interest
Profiler, offer great tools for job seekers and emplogigtaba & Mahapatra, 2019T hese tools
enable users to search for careers based on industry, skills, and interests, predict future job trends,
and explore new occupations aligned with their personal attributes (Mujtaba & Mahapatra, 2019).
Furthermore, O* N E Trinieg isureinforcedtby its ialmlity to areatdeecohergnt a
occupational clusters, aiding in the formation of job families and facilitating effective career
transitiong(Peterson et al., 2001)

Finally, the Occupational Information Network is a valuable resource for a range of
stakeholders, includinopdividuals, employers, educators, and policymakers. Providing detailed,
up-to-date information on occupational characteristics, O*NET supports informed decision
making and enhances the functioning of the labor market. In my research, | utilized O*NET
occupation codes to identify engineering disciplines within the extensive dataset employed in this
study, ensuring a precise mapping of occupational engineering jobs to their respective disciplines.

2.9 Conceptual Framework

The Systems Approach for Better Education Results Workforce Development (SABER
WIiD) framework was developed by the World Bank with the aim of improving workforce skills
by providing a tool for systematically assessing workforce development policies different
nations(Tan et al., 2013)The framework, as outlined by Tam et al., (2013), has its roots in
addressing challenges where economies, particularly in developing countries, struggle with a
mismatch between the skills workers possess and those required by employers. This mismatch
often manifests as unemployment among educated individuals and complaints from industries
about a lack of practical skills among potential employees, especially soft(Skitis& Nam,
2012)
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FurthermoreThe SABERWID framework was created by a dedicated team at the World
Bank; its development was driven by the goal of equipping World Bank partner countries with
better tools to evaluate their workforce development (WfD) strategies systemdfieadlet al.,
2013) This initiative followed the World Bank?©ad
which emphasized the need for rigorous diagnostic tools to assess and enhance education systems
globally (Weltbank, 2011)The main purpose of the SABBR{D framework is to bridge the gap
between workforce education and employer demands by enablingrdega policy dialogues
(Tan et al., 2013). It strategically examines workforce development systems, ensuring workers
learn marketrelevant skills. This systematic analysis helps policymakers create conditions that
boost economic growth through bettdigned training programs.

This framework has been tested and refined in various countries, including Chile, Ireland,
Singapore, South Korea, and Uganda, confirming its value in identifying relevant workforce
development priorities and guiding cressuntry knowledgexchangeTan et al., 2013). Building
on the previous discussion, my research examines workforce skills requirements through the lens
of employers by looking at online job postings. Understanding their needs through online job
postings, the study bridges the critigapbetween engineering education and industry demands.
This approach can facilitate meaningful, ddteven policy discussions to better prepare future
engineers for the workplace.

2.10 Dimensions of the SABERNfD Framework

The framework is built around three main dimensions, which are strategic framework,
system oversight, and service delivery:

1. Strategic Framework: This di mension evaluates the
workforce development policies and its economic objectives. It considers how policies
contribute to meeting labor market demands by fostering skills that match economic and
social needs. The framerk assesses policy actions like planning, setting priorities, and
coordinating across sectors to achieve WID goals (Tan et al., 2013).

2. System Oversight This dimension focuses on the governance and regulatory mechanisms
that shape workforce development. It examines how government policies influence the
behavior of key stakeholders, including employers and training providers. Key aspects of
oversight inadide monitoring and evaluating training quality, regulations to enforce
standards, and incentives for stakeholder participation (Tan et al., 2013).

3. Service Delivery The final dimension pertains to the mechanisms by which workforce
training services are delivered. This includes evaluating the management and funding of
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institutions that provide training, ensuring resources reach intended beneficiaries, and
identifying how well training programs meet industry needs. In practical terms, this
dimension explores the accessibility, relevance, and effectiveness of trainiiogsier
eachcountry (Tan et al., 2013).

Each of these dimensions encompasses specific variablegdifsebsions), such as policy
goals, actions, and desired outcomes. For instance, Service Defiiggdtyinclude sukvariables
like curriculum relevance to industry demands, practical skill training, and assessment standards
that reflect realvorld needs.

2.11 Components of the SABERND Framework

According to Tan et al. (2013), the SABBRD Framework has four main components.
First, the economy represents the skills businesses demand. Second, the training system delivers
the skills people learn. Third, information flows, coordination activitied,ralationships connect
these elements. Fourth, the framework examines how well skills match available jobs. Figure 2.1
illustrates these interconnected components, and | explain each component in detail below.

2.11.1 The Economy (Skills Demand) include:

™

(0]

O«

Economic Policies Government policies thampact the labor market, such as
wage regulations, tax incentives, and investment in infrastructure, can influence the
demand for certain skills in the economy.

Business PracticesBusinesses' operational practices, including hiring, training,
and investment imnovationshape the types and levels of skills they require.

Incentives to Train (Employers and Workers) Economic incentives, such as
financi al support, career progression,
willingness to invest in training and wi
demand for these skills is shaped by what the economy requoiresms of

workforce skills.

2.11.2 The Training System (Skills Supply) includes:

O«

Provision & Finance: This refers to how workforce training programs are funded
and provided, including the role of public and private institutions in offering
training.

Skills Attainment: The focus is on ensuring that training programs equip
individuals with relevant skills that meet labor market needs.
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0 Incentives to Train (Providers and Trainees) These incentives ensure that
training providers design programs aligned with industry needs and motivate
trainees to complete skill development programs. These may include accreditation
for providers and financial aid or job placement opportunitieséimees.

2.11.3 Information, Coordination, and Relationships

This central part of the framework highlights the interaction and information flow between
the demand and supply sides of labor markets. It emphasizesdtiéor effective communication
and coordination to ensure that training systems align with current and future job market demands.
Strong relationships among policymakers, training providers, employers, and trainees are
important for creating a balance@skforce development ecosystem.

2.11.4 Match of Skills to Jobs

The framework categorizes the match bet wee
a ALow Matcho. For instance, t he high match i
demand is strong, and the workforce is more productive, resulting indasteymic growth, better
employment outcomes, value chain progression, and poverty reduction (Tan et al., 2013). On the
other hand, low Match i&hen there is a mismatch, it can lead to slower growth, with potential
consequences such as joblessness, slolitages coexisting with a surplus of other skills, and
stagnation at the lower end of production chains, often resulting in "brain drain" (skilled workers
leaving the country for better opportunities) (Tan et al., 2013).

23



Figure 2.1: Conceptual Framework for Workforce Development(Tan et al., 2013)
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The alignment of skills with job requirements, whether strong or weaksigagicant
implications for the economy. This framework demonstrates that synchronizing educational and
training systems with economic needs can foster economic growth and reduce poverty.
Conversely, a lack of alignment can hinder growth, increase ungmeid rates, and lead to skill
shortages. This conceptual framework serves as a guide for my research exploring workforce skill
requirements from the employers' perspective by analyzing online job postings. The study aims to
bridge the critical divide betaen engineering education and industry expectations. This approach
will facilitate meaningful, datariven policy discussions aimed at better preparing future
engineers for the workforce.

2.11.5 Research Application

My study applies the SABERVID framework to analyze job advertisements, utilizing
BGT skills and O*NET technical skills with the help of natural language processing (NLP) and
data extraction techniques on a large dataset. This method aligns with thedrameww s ai m
using data to enhance policy discussions. By categorizing job ads across engineering disciplines
such as civil, electrical, and mechan&and educational levels, includiiig c helmas 6 er 0 s,
anddoctoral degrees, the study provides a cleaw of inrdemand skills anttends across various
engineering domains. This comprehensive approach represents a notable advancement over earlier
studies that often relied on smaller samples or sdpasged data (Watson & Lyons, 2011,
Hartmann & Jahren, 2015; Passow & Passow, 201ah#&n & Porterfield, 2018; Fleming et al.,
2024). The extensive dataset allows fodapth analysis over multiple years and diverse skill
categories.
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The studyoés |l ongitudinal per s geencttends&d i s es
shifts in skill demands, which is critical for developing adaptive education and training programs.
Fleming et al. (2024) highlight the importance of such longitudikitll analysis using online job
ads. The SABERNID framework emphasizes the importance of aligning education systems with
market needs to build a productive workforce that contributes to economic growth. This research
examined a decadedadnd identided tsthble,oemerging, and aetising skill
demands, offering a roadmap for future curriculum development. This approach also addresses a
gap noted by engineering education researchers, su¢Haalgraft & Kolmos, 202Q)who
observed that engineering programs often emphasize individual course skills over an integrated
skill set that aligns with industry expectations.

The insights from this study hold practical value for policymakers, educators, and
employers. The finding helps align training with demand trends observed over an extended period
Educationalnstitutions can equip graduates with skills that meet current and anticipated industry
needs. This alignment reduces skills mismatches, supports higher employment rates, and enhances
workforce productivitpy outcomes central to the SABEBRf D f r a me jgaivek fors ob
fostering economi c g¢gr ofmdings canArdodn policyodis@ussions pn t h e
investing in engineering education, guiding resources toward skills and fields with sustained or
increasing demand.
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Chapter Three: Methodology

This study analyzed trends in online job postingsdeil, electrical and mechanical
engineering CE/EE/ME) disciplines to understand these dynamics from January 2010 to
December 2022. This period oécordsincludes significant events such as the CO\MMD
pandemic, which allows one to observe how job postings change over different external conditions.
This study utilized prgrocessed skills data provided by Burning Glass Technology (BGT) to
identify the key skills employers frequently seek when hiring engineers.

This chapter introduces a methodological framework that enhances the analytical
capabilities forprocessing and interpreting the data from job posts using natural language
processing (NLP). The classification system utilized an NLP framework specifically designed for
identifying engineering disciplines, noted as a need during data cleaning effads,catild be
replicated to identify other disciplines or fields using the appropriate data and following the steps
introduced in this chapter. The methodology employed a hybrid approach combining pattern
matching and job title ternfsom O*NET for classifcation purposes.

In this framework, | utilized both O*NET terminology for job titles and NLP text regular
expression and pattern matching to address critical gaps in job classification using O*NET SOC
codes for precollected data. Using data from companies like BGT isunobmmon for research
purposes (e.gDawson et al., 2019, 2020; Forsythe et al., 2020; Squicciarini & Nachtigall, 2021)
as they provide large sessiructured historical data for job postings. However, scraping or
collecting large amounts of data can lead to information discrepancies, and my eaclgalaitay
efforts demonstrated a need for this additional step to enlkateguality.

The Il iterature shows that BGT6s datasets
occupations into their appropridtelds (e.g., Squicciarini & Nachtigall, 2021). However, the SOC
codes within these datasets are not always accurate; in 2014, the SOC code mapping accuracy rate
for BGT data was only 73%Carnevale et al., 2014)Since Carnevale et al. (2014) conducted
their study over 10 years ago, data collection methods and technology have significantly evolved.
To improve the accuracy of O*NET SOC code classification within the dataset used in this study,
developing a refing classification system was necessary to ensure reliable results. My research
introduces a new approach that automates job occupation classificatianagsiéed with SOC
codes data (e.g., BGT data), creating a scalable framework to process massnes waflyob
posting data.

The methodology implements multiple data preprocessing protocols and manual spot
checks for error handling to address inherent challenges in data analytics, such as information
sparsity and inconsistent entries. These preprocessing steps are criticalnfi@inimg research
integrity and ensuring reliable outcomes. Given the general use of BGT and other big data sources
(e.g., online job advertisements) in labor market research, this framework provides valuable
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support for categorizing large volumes of job postings. The following research questions guide the
study:

w

0 RQ1L: How well can patterbased text classification and flexible regex matching categorize
pre-classified (SOC code) job postings into engineering fields (e.g., Civil, Electiual,
Mechanicakengineering)?

0 RQ2: How do the proportions of different skills required for engineering jobs, as indicated
in job postings, vary across:

3 Levels of requisite education (i.e., ba
3 Engineering disciplines (i.e., Civil, Electricalnd Mechanicaéngineering)

0 RQ3: How have the proportions of different skills required for engineering jobs, as

indicated in job postings, changed across the period 0202, considering both levels

of requisite education and the specific disciplines of Civil, Electrical, anchafhecal

Engineering?

3.1 Data Source

The data for this study were sourced from a large dataset of engineering job postings.
Initially, the dataset contained 6,710,a#8inepostings, each of which included several pieces of
information across different fields. In my study, | analyzed 3,490,091 job postings across civil,
electrical, and mechanical engineering disciplines. Specifically, the dataset consists of daily
engineerig job postings spanning over a decade, from 2010 to 2022, which provides a
comprehensive view of the evolving job marikeengineering in the United States over thnse.

This most recent period of record of available data was chosen because it covers significant
technological advancements, shifts in industry demands, and potentially associated changes in
educational requirements for engineering jobs. This longitudinasetatas been compiled from
career websites across diverse industries, encompassing job postings across all core engineering
disciplines. Leveraging such a large dataset enables insights into the evolving skill demands within
each engineering discipline armtross the engineeringrofession The dataset has been
professionally acquired through a paid data provision agreement between the Departments of
Economics and Engineering Education at Virginia Tech and The Burning Glass Institute. This
agreement ensur es ¢ o0 mpodfsernvinecaed copyrighbpoliciesb boar ds o6

3.2 NLP Classification Addressing Q1

NLP technigues have expanded to handle diverse classification tasks, including
categorizing industry codes and healthcare incident reports, laying a foundation for methods that
address challenges like noisy labels and complex taxond¢midgng et al., 2023; Young et al.,
2019) A recent systematic review examined how NLP techniques classify incident reports and
adverse events in healthcare, focusing on identifying incident types, medication error types, and
harm severity from fregext data(Young et al., 2019)The review explained how researchers use
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different NLP methods to categorize information, such as #aldél classification, predefined
taxonomies, and netwothased techniques. While these approaches may vary in their application,
they demonstrate how NLP can assist in automating qualitatiseadalysis (e.gAlsharif et al.,

2022; Katz et al., 2021)

Recent studies have successfully employed classification systems like Standard Industrial
Classification (SIC) and International Standard Industrial Classification (ISIC) codes to categorize
organizations. Researchers have effectively leveraged NLP sifglastities within food system
ontologies and assign SIC cod@&sechara et al., 2022; T. Jiang et al., 2028)their research,

Smith et al. (2023) trained NLP models using online text data and SIC code to classify
organizations (e.g., American Rivers and Heal the Ocean) according to their environmental
conservation and sustainability efforts. Their classificaincluded water conservation, waste
management, and biodiversity protection categories.

Environmental classification used the structured hierarchy of the PPOD ontology, while
the SIC classification relied on a felavel hierarchical framework. This approach proved practical
for automatically populating knowledge graphs, though it facedqietisty challenges due to text
source variations. Similarly, Bechara et al. (2022) demonstrated NLP's effectiveness in classifying
businesses with ISIC codes. Their study showed that transfitwased models, such as
DistiiIBERT, accurately predicted divigi-level ISIC codes in mukclass classification tasks,
emphasizing the role of classification systems to improve model performance.

Building on these foundations, this study adopts a dictiebhasged approach for
classifying job descriptions, utilizing piassified data and O*NET terminology in a structured
two-layer filtering process. The first layer filters the BGT job posting tased on the pre
classified data using the O*NET SOC codes, while the second layer refines the classifications
further with O*NET terminology to ensure that the SOC codes align accurately with specific
occupations. This classification aims to fin@e he O*NET SOC code mapping for the BGT
dataset, addressing common issues with noisy data and complex taxonomies. This approach
integrates O*NET job title terminology and structured text matching, resulting in more accurate
and relevant job classification twomes.

In the following section, | outlined the detailed procedures for obtaining, processing, and
refining the data for the analysis in this research. Then, | explained the steps and protocols for
utilizing the O*NET SOC code classification system with NLP wtiealing with semstructured
datasets that contain such variables. Theoretically, this system could also be used with other
classification codes, such as the North American Industry Classification System (NAICS) or the
European Skills, Competences, Quadfions and Occupations (ESCO) Classification.
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3.3 Variables in the dataset

The dataset contains 57 variables (8ppendix Bfor all of the variables in the dataset),
but not all will be used to address the research questions. Table 3.1 lists the variables, their
descriptions, and the subset of variables the study utilized to address the research questions. These
variables areised to analyze how the proportions of different skills vary across levels of requisite
education, engineering disciplines, and over time from 2010 to 2022. | describe each variable used
to answer the resezh questions in the following subsections.

Table 3.1; Variables Used in the Research

Variable Description

JobID Unique identifier for each job posting
CleanJobTitle Job title

JobDate Date when the job was posted

JobText Online job posting description
ConsolidatedO*NET Consolidated O*NET SOCs occupation co
CanonSkillClusters Skill clusters associated with the job postir]
CanonMaximumDegree [Maximum educational degree required
CanonMinimumDegree Minimum educational degree required
Major Specific major fields required

3.3.1 Variable: Job ID

It is a unique identifier for each job posting provided in the dataset by BGT. It was used to
ensure each job posting was represented only once in the dataset, preventing duplicate entries that
could skew analysis results. It was also used to track jaingesvhen needed to be investigated
for data quality purposes.

3.3.2 Variable: CleanJob Title.
A clean version of raw job titles grovided by BGT for each job posting in the dataset.

Serves as an input variable for the NLP classification system to facilitate matching with O*NET
SOC occupational codes.
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3.3.3 Variable: Job Date

The date when each job posting was first published online, as captured by BGT. This
variable Enables tracking of job market trends over time and allows for seasonal pattern
identification to help support longitudinal analysis.

3.3.4 Variable: Job Text

The complete job description content for the job posts contains detailed information about
the position, including role requirements, responsibilities, and qualifications as written by
employers. This variable enables job content patterns and skill neguite analysis and was used
as an input variable for the NLP classification system.

3.3.5 Variable: ConsolidatedO*NET

To systematically categorize engineering occupations within this extensive dataset
(approximately 4TB), | utilize the hierarchical structure of O*NET SOC codes. Specifically, I filter
occupations using the general engineering classification cod20®) then further refine the
categorization using specialized stiddes within this engineering hierarchy. For instance, civil
engineers are identified through codes2060.00, 172051.00, and 12051.01; electrical
engineers through 37070.00, 172072.00,and 172072.01; and mechanical engineers through
17-2140.00, 172141.00, and 12081.01. This study exclusively focuses on the occupations
flagged as these three disciplines.

Using O*NET SOC codes for occupational classification represents eestallished
methodological approach ihterature Numerous scholars have employed O*NET SOC to
categorize and analyze occupational data systemati(iigknerPetty et al., 2019; Cerioli et al.,
2023; Dawson et al., 2019, 2020; Forsythe et al., 2020; Squicciarini & Nachtigall, 2021)

3.3.5 Variable: CanonSkillClusters

I used skill clusters created by BGT. The
categorize individual skills. Skill clusters represent groups of related skills that share similar
functionality, can be trained concurrently, and frequenthpaur in job postings. A skill cluster
encompasses a broader scope than an individual skill but maintains a more granular focus than a
higherl e v e | ns kil cluster family.o Skildl clust e
taxonomy. Each skill aister, and by extension each skill, belongs to exactly one family.

To understand the detailed information of how CanonSkillClusters variable was developed,
Burning Glass published a report In 2021 cal
Learning Approach to Classify Skil lresentisa Bur n
methodology to classify over 17,000 unique skill keywords from the Burning Glass dataset into
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61 broader skill cluster categories using agxisting experdriven taxonomy ( et al., 2021). The

approach used in this paper employs a sa&mervised machine learning algorithm, which
combines both labeled and unlabeled data to classify skills tipeaapn the job posting.
Specifically, it leverages BERT (Bidirectional Encoder Representations from Transformers), a

| anguage model trained on a | arge corpus of t.
model was further finéuned forthe spetii ¢ t ask of classifying skil!/
categories.

BGT developed its taxonomy of broader skill cluster categories. This taxonomy largely
builds upon the existing skill categorization framework from the O*NET database, which
organizes skills, knowledge, and abilities required for various occupationscietar dierarchical
structure. For instance, the skill APythono wi
which is part of the Al nformation Technol ogy
precisely one skill cluster within the @xomic framework employed in this study. TaBI2
shows examples of a family of skills with associated skills, and Figuteg¥shows all families
of skills and the number of skills within each family. Please refer to Appendix A for the full family
and individual skills list.

Table 3.2: Examples of Family Skills and Individual Skills

Family Skills |Skills
Manufacturing |Lean ManufacturingBrazing and Computeraided |Product
and Production|ManufacturingProcesses |Soldering |manufacturing |Development
Transportatior| Supplier
Supply Chain |Operation ang Material Relationship
and Logistics |Management |Procurement |Handling |TSA Regulation |[Management
Hardware
Description |Optical Process Automation
Engineering |Languages |Engineering |EngineeringSimulation Engineering

** To see Family Skills and Individuakills refer to Appendix A
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Figure 3.1: Skill Family Distribution Tree map
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CanonMaximumDegree, CanonMinimumDegreeThese variables show the educational
degrees that employers require or prefer for job postings. They help us understand the maximum
and minimum levels of education that employers are looking for. Understanding these variables
helps grasp the educationalaijfications valued across different engineering disciplines and how
these requirements correlate with the skills and competencieg | odemand Babl8.3shows
the missing records for these variables. In the analysis, | used only the complets fecord
CanonMaximumDegree and CanonMinimumDegreeof to understand the education requirements

for job postings. | explained the mapping to traditional education levels subh ash el or 6 s,
ma s t e r dbstgral imansdbsequent section.

3.3.5 Variables: Educational Degrees:

3.3.6Variable: Major

This variable specifies the major field requiredjtdy posting. It was created by mapping
the SOC (i.e., the occupation codes from O*NET using the ConsolidatedO*NET code). This
means that each code will be mapped to an engineering disciplineCe/BE/MBE), ensuring a
representation of the educational background needed for different engineering roles.
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3.4 Data Processing and Cleaning
3.4.1 Downloading and Preparing Data

The data cleaning process begins with retrieving raw data from a File Transfer Protocol
(FTP) server, a software application used to transfer files across a network securely. The server
contains approximately 4TB of zip files that house occupational data 2010 to 2022. After
successfully authenticating with the FTP credentials, | download these zip files to a local
processing environment to access the data. Given the large size of the dataset, unpacking and
processing it is timgonsuming and requirehah-performance computer with sufficient memory
storage. To streamline the process and focus on the relevant information for this study, |
specifically target Standard Occupational Classification (SOC) codes beginning x&ith@Rich
correspond to engeeringrelated occupations. Using these SOC codes, | selectively unzip only
the files related to engineering fields, thereby reducing the data volume and focusing on the subset
pertinent to the study.

After filtering the data by SOC codes (e.g., the SOC code for civil engineer2@51700),
| perform a systematic extraction process where the contents of the compressed XML files are
transformed into a more analydigendly CSV format. This step is weial as it standardizes the
raw data, making it accessible and ready for further manipulation and analysis. By converting the
data into CSV format, I lay the groundwork for the subsequent stages of the research, ensuring the
information is in a structurefdrmat that supports efficient processing because this data is large,
as | am dealing with millions of rows. Figure 3.2 below illustrates the steps in this initial data
cleaning and preparation process, highlighting the transition from raw, compresae @at
standardized, analysieady dataset.

Figure 3.2: Initial Data Acquisition and Preprocessing

Unzip Files

Downloading Mapping

Zip Files SOC Occupations
(2010-2022) 17-2000

FTP credentials
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XML to CSV
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In the data preparation phase, | started with 6,710,028 job postings covering all engineering
fields classified under O*NET 120 SOC codes. To ensure data quality, | removed records with
missing or insufficient joldlescriptionseliminating 182,472 from CanonSkillClusters and 90 from
JobText.

A missing values analysis by SOC code, major, and date found no discernible date patterns.
A review of 100 records missing CanonSkillClusters revealed no anomalies, suggesting the
omissions resulted from data collection issues or human error. These rgganted 2010 to
2022, with no systematic missing data patterns. After filtering, the dataset contained 6,527,466
records with complete CanonSkillClusters and JobText fields. | then narrowed the focus
CE/EE/ME, totaling 3,421,241 job postidg$2% of all egineering jobs in the dataset. Table 3.3
details missing values across all engineering disciplines, with 6,710,028 before separation and
3,490,091 for standalone CE/EE/ME.

Table 3.3: Counts and Percentage of Missing Values for All Engineering Disciplines and
CE/EE/ME

All Engineering Disciplines (Mapped) CE/EE/ME
Variable NaN Count Percentage NaN Count Percentage
JobID 0 0% 0 0.00%
CleanJobTitle 1476 0.02% 437 0.01%
JobDate 0 0% 0 0.00%
JobText 90 0.00% 30 0.00%
ConsolidatedONET 0 0% 0 0.00%
CanonSkillClusters 182472 3% 68820 1.97%
CanonMaximumDegree 5073898 76% 2625962 75.24%
CanonMinimumDegree 1771449 26% 867239 24.85%
Total Values in Datasets 6710028 3490091
Total Values in Datasets*} 6527466 3421247

Note. Total Values in datasets** (Subtraction of NaN on SkillClusters and Jobtext)

The analysis of missing data across all engineering disciplines and CE/EE/ME disciplines
shows distinct variations in the extent of missing values among different variables.
CanonMaximumbDegree consistently showed the highest proportion of missing dat& 6t
missing values in all engineering disciplines, compared to 75.24% in the CE/EE/ME dataset. On
the other hand, CanonMinimumDegree has 2% in All Engineering compared to 24.85 in the
CE/EE/ME dataset. It should be noted that in the degree analysissed anly
CanonMinimumDegreeand the corresponding CanonMaximumDegree. In the BGT data
structures, the degree requirements are defined as followsoiilize jobposting specifies that
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only a PhD is required, then a PhD is considered the minimum degree for that position. For jobs
that require eitherb a c h el or 6 s degree, the regairentert is et as a mininfoima
bachelor Notably, CanonSkillClusters presented a notable discrepancy, with 3% missing in the
overall dataset versus 1.97% in CE/EE/ME. Core fields like JoblD, JobDate, and
ConsolidatedONET were fully populated across both datasets, indicating robust data ayailabili
for these variables. CleanJobTitle and JobText m@nimal missing data, demonstrating better
data integrity for job descriptors to perform skill analysis further.

3.5 Data Processing Refinement and Classification (RQ1)

3.5.1 Overview

This section is associated with developing the NLP classification system, which | evaluated
to answer the first research question. The data processing starts with 53 separate CSV files for
each year. | combine these files into 12 main files. This mergimglifes the dataset, reduces the
number of files we need to handle, and makes it easier to analyze the data later. Then the data
cleaning pipeline is crucial for refining the dataset and preparing it for analysis. This stage uses
dictionarybased filtemng and classification techniques to enhance data accuracy and relevance,
focusing on the three main engineering disciplines present in the dataset: Civil, Electrical, and
Mechanical Engineering. The primary goal is to clean the BGT data since the SOC codes
identifying Civil, Electrical and Mechanical engineering occupations appeared to have some errors
in the dataset. This step represents a contribution of my work, as it appears prior research has relied
on BGT data with the SOC variable to sort the dagan€vale and others (2014) found that using
the SOC code to organize the BGT is only 73% accurate. However, their data is from 2014, and
data collection methods have changed since fhieis. work is important because past research
has used BGT data without specifying how to clean it and has depended only on the SOC variable
to sort the data. The BGT data is only 73% accurate in how it categorizes jobs, and this result is
outdated, datinpack to 2014 (Carnevale et al., 2014)

3.5.2 Dictionary and Terminology Development

The filtration process incorporates job title terms from O*NET and synonyms terminology
to those job titles (see Appendix A). For example, | utilized the O*NET list of job titles and their
synonyms to develop filtering terms for CE/EE/ME jobs. These O*N#es were then used as
matching criteria to identify relevant positions by scanning job descriptions and titles in the dataset.
Moreover, | developed a dictionary to implement this approach containing key engineering terms
(e.g., circuits, hydraulic) fojob titles drawn from O*NET and its synonyms. For example, |
filtered the dataset using the O*NET SOC code to classify elediteplbs and separated it into
its own datasets (e.g., EE_DF dataset). Then, | implemented a dictibasegl approach with
specific exclusion terms. When processing job titles like "Test Engineer,” the system checks
against exclusion terms such as "civil engineering/engineer,” "aerospaneegimg/engineer,"
and "mechanical engineering/engineeful{ list available in the apendix). If a job posting
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contains any exclusion terms, such as 'mechanical engineering,’ the system classifies-it as 'non
electrical major' even if it initially appears in the EE_DF dataset.

3.5.3 Handling Overlapping Titles

It should be noted that some engineering job titles from O*NET can overlap with each
other. For example, "Engineer" and its synonym "Professional Engineer" may refer to different
CE/EE/ME roles. However, since the data was alreadiapeded with SOC codektreated each
dataset separately for each CE/EE/ME field. For example, | applied the classification system to
only the initially classified SO the CE data frame; | then used exclusion terms to filter out
unrelated roles (i.e., terms liRE if they show up in the job description of tiigE data frame it
will be classified as noegivil-major). | did the same for the remaining datasets (e.g., EE and ME
data frames). The full list of the exclusion terms is available in the appendix.

3.5.4 Patterns Matching

The classification process used NLP techniques. For example, | employed regular
expressions to match engineering terms in job postings, allowing for flexible anthsassitive
identification. | also handled variations in job title terms by testing pett€rable3.4) such as
"electrical engineer,” "electricalengineer,” and "electrical engineers" to accommodate
morphological and compound formations (e.g., 'circuit design engineer," 'power systems engineer")
in electrical engineering.

Table 3.4: Testing Patterns for Electrical Engineer Term

Testing patterns Match
electrical engineer matched
electricalengineer matched
electricatengineer matched
electrical engineers matched
electrical engineering matches
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3.5.5 Humanin-the-loop Process

The humarin-the-loop (HITL) method is a process where a mactdano®mated system makes an

initial decision, then a human review evaluates that decision. This process wapaatkaythe

process to ensure the reliability of the classification results. While the NLP classification system
automatically assigned job ads to engineering disciplines, human judgment was used to verify and
refine these classifications. This approaclpée catch errors the model might have made,
especially in cases where job titles or descriptions were unclear or misleading and resulted in a
false classification. Including this manual review step made the results of this review suitable for
theevaluabn met hod AConfusion Matrix, 0o which is e
3.56 Summary

To optimize memory usage and processing efficiency, | processed the dataset in chunks of
50,000 rows. The pipeline implemented a msiéige transformation protocol within each
segment, establishing unique job identifiers and standardizing text by using Stpe.
Consolidating job descriptions into a text field facilitated regaged pattern matching, where
terms were categorized as 'electrgsdjor' or 'norelectricatmajor' based on the match of the
dictionary terms (i.e., the NLP system searchesvfunds to match with a predefined dictionary.

I f a match is found, it categorizes the outpu
onon@aj or6). After the automated classification
a manubl review of a sample (N=100) for each major (Civil, Electrical, and Mechanical
Engineering), known as ground truth labeling. This involved assigning accurate labels to the
dataset by reviewing job descriptions and titles. During this process, | idespBedic terms for

exclusion, such as differentiating between roles with similar titles but unrelated disciplines. For
example, a "structural analyst” might be coded uiebased on title or skills but was classified

as aerospace if specified in the job description. For these terms, see Appendix A. Finally, |
calculated a confusion matrix to evaluate the accuracy of the automated process (further details
are discussed in tHellowing chapter). This validation confirmed that the dataset classification,

with relevant skill information, was accurately assigned to the appropriate engineering disciplines.
Figure 3.3 illustrates the key steps in this final stage, highlighting dictidozeagd filtering and

validation procedures, ensuring that the dataset idyréar detailed analysis and research
purposes.
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Figure 3.3: Data Refinement and Classification
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3.7 Classification Output
Table 3.5 Distribution of Classified CE/EE/ME Job Ads
Major Count Total
civil-major 766,288
973,451
noncivil-major 207,163 ’
electricatmajor 1,223,953
1,317
non-electricatmajor 93,385 317,338
mechanicaimajor 876,133
1,199,302
nonmechanicamajor 323,169 B
Total CE/EE/MENoneMajor 623,717
Total CE/EE/MEMajor 2,866,374
Total CE/EE/MEMajor and None 3,490,001

Major

Table 3.5 presents a breakdown dfILP classification output ofengineering job
advertisements across three major disciplioadl, electrical, and mechanicahgineering.The
total number of civil engineering job as973,451, with 766,288 specificalbfassifiedascivil -
major roles and 207,163 categorized as-ciwit-major. Similarly, electrical engineeringb ads
comprised 1,317,338 ads, of which 1,223,953 wtassifiedas electricaimajor, leaving 93,385
as noAmajor electrical. Mechanical engineerihgd a total ofl,199,302where 876,133 were
classified asmechanicaimgor and 323,169 noemajor. Collectively, the data show that
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classification folCE/EE/MEjob adsare 2,866,374 postings, while norajor designations account
for 623,717.The overall total is3,490,091 The method of evolution is discussed later in this
chapter.

Table 3.6 Examples ofNon-M ajor Job Ads

JobID JobText CleanJobTitle Major
270607973 952020 Animal Health Animal Health- non
Reliability Engineer Reliability Engineer | mechanical
05/20/2011 United Stated/est major
Virginia-Willow Island
355642171 California Gourmet Pizza Logol Gourmet Pizza Logo| non
Design- Logo Design Design- electrical
Logo Design major
39377385626 | Lead Prevention Navigator HI\{ Lead Prevention noncivil -
Health NavigatiorProject- East | Navigator Hiv major
McDowell RdSign on Bonus | Health Navigation
Qualifications Bachelor's Project
Degree in behavioral health,
public health, or related field
and at least two years of
relevant experience.

Note: The job descriptions fiJobTexto were

Table 3.6 showsxamples of nomajor job ads that fall outside the scope of core
engineering disciplines. One ad for an "Animal HealReliability Engineer" reflects engineering
work in a veterinary setting, thus classified as-nwthanicaimajor. Another, titled "Goarmet
Pizza Logo Design," involves creative branding work, labeledatectricalmajor. A third ad for
a "Lead Prevention Navigator” in public health is categorized asindrmajor.
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3.8 Classified data for analysis

Table 3.7 Distribution of Classified CE/EE/ME Job Ads (NaN Degree Requirements
Removed)

Major Count total

civil-major 621,131
non-civil-major 112,945 734,076
electricatmajor 949,648

. . 987,730
non-electricatmajor 38,082
mechanicaimajor 697,810

. . 901,033

non-mechanicamajor 203,223
Total CE/EE/MENoneMajor 354,250
Total CE/EE/MEMajor 2,268,589
Total CE/EE/MEMajor and NoneMajor 2,622,839

Table 3.7 presents a breakdown of the NLP classification output of engineering job
advertisements across three major disciploies, electrical, and mechanical engineerinased
on a dataset that excludes any entries wiibsing (NaN) values in the degree requirement field.
This data cleaning step ensured the use of a complete and analyzable dataset for addressing
Research Questions 1 and 2, which examine patterns in educational qualifications and discipline
specific demad. The total number of civil engineering job ads is 734,076, with 621,131
specifically classified as civiinajor and 112,945 as naivil-major. Electrical engineering
accounts for 987,730 job ads, of which 949,648 are electriagr and 38,082 are nanajor.
Mechanical engineering shows a total of 901,033 pos@8@$310 classified as mechanicahjor
and 203,223 as nemechanicalmajor. the classifiedCE/EE/MEmajor postings amount to
2,268,589with an additional 354,250 classified as smmjor within the CE/EE/ME fields.
Altogether, the dataset comprises 2,622,883 classifiedCE/EE/MEmajor postings amount to
2,268,58Xlassified job advertisements were used to answer Research Questions 1 and 2.

3.6 Evaluate Classification System

Using a confusion matrix to evaluate the accuracy of a classifier algorithm is a common
approach in machine learni@untsch & Gediga, 2019, 2020; Heydarian et al., 202pyovides
a conclusion of a model's predictions by displaying the counts of true positives, true negatives,
false positives, and false negatives in a matrix forifr@wcett, 2006)Each cell in the matrix
represents the outcomes of the model's classification decisions, enabling a detailed assessment of
the algorithm's performance across different clad3&éatsch & Gediga, 2019Figure 34 shows
the representation of a confusion matrix, with actual results populated in Chapter 4.
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The matrix is a statistical tool that helps us understand classifier performance through four
key metrics: accuracy, precision, recall, anesEtre. Fawcett (2006) demonstrates how accuracy
guantifies a model 6s pr ed iectdhbwoiten positive peedicions at e ,
prove correct. Recall demonstrates how well a classifier detects all relevant instances in a dataset,
showing its detection powegFawcett, 2006)The F1 score combines precision and recall into one
powerful metric, particularly excelling at evaluating models with imbalanced datasets. This
framework allows researchers to understand classification models across diverse applications
(Powers, 2020)

Figure 3.4: Confusion Matrix
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The four key metrics in applying a confusion matrix to a classifier are accuracy, precision, recall,
and Flscore. These metrics, derived from the confusion matrix, provide insights into the
classifier's predictive capabilities by measuring different dspefcits performance (Fawcett,
2006).

0 Accuracy: Accuracy measures the proportion of correctly classified instances out of the
total number of instances. It is calculated as the sum of true positives and true negatives
divided by the total number of predictiofShicco & Jurman, 2020; Fawcett, 2006he
formula is as follows:
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0 Precision: Precision assesses the proportion of true positive predictions out of all positive
predictions made by the model. It measures how many of the predicted positive instances
are positive(Chicco & Jurman, 2020; Fawcett, 2006he formula is as follows:

~

R (U
V1 QwQi W
0 Recall: measures the model's ability to identify all relevant instances by calculating the
proportion of true positives out of all actual positives. (Chicco & Jurman, 2020; Fawcett,
2006). The formula is as follows:

~

* . YU
YQwwa m
0 F1-Score: The Ficore is the harmonmeansf precision and recall, providing a balanced
metric that accounts for both false positives and false negatives. It is useful for imbalanced
datasets and ranges from O to 1, with 1 indicating perfect precision and recall. (Chicco &
Jurman, 2020; Fawce2p06. The formula is as follows:

,‘Q).‘YT 1@ 01 Q@Y o o
wSI IR ¥, Ry ’ [7 VE LA \
DI QWQI W WO O

Using these four key metrics (e.g., accuracy, precision, recall, asddrd). We have a
statistically wellestablished approach &valuatingour NLP O*NET classification system. In
Figure 3.3, as previously mentioned, this system utilizes a binary output when analyzing job
descriptions using the terms in the prelabeled dictionary. This output is categorized as either
"CE/EE/ME" equal to 1 orNon-CE/EE/ME" equal to 0. Thus, in this study, the definitions of true
positive, false positive, true negativedafalse negative are as follows:

O«

True Positives (TP): The classification result is correctly predicted as positive.
3 For example, in a binary classification task for detecting from job posting data that
this job is CE/EE/MEengineering discipline, true positives are the classification
system correctly classified as CE/EE/MEengineering discipline.

O«

False Positives (FP): The classification result inaccurately prediciazbdise
3 For example, in a binary classification task for detecting from job posting data that
a job belongs to the CE/EE/Mtiscipline, false positives are instances where the
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classification system incorrectly labels jobs that do not belong to the CE/EE/ME
engineering discipline as CE/EE/ME engineering discipline.

(@]

True Negatives (TN): The classification result is correctly predicted as negative.
3 For example, in a binary classification task for detecting from job posting data that
a job belongs to the CE/EE/Mtscipline, true negatives are instances where the
classification system correctly identifies jobs that do not belong to the CE/EE/ME
engineering discipline and labels them as Xi&/EE/ME.
S
False Negatives (FN): The classification result is inaccurately predectezhegative
3 For example, in a binary classification task for detecting from job posting data that
a job belongs to the CE/EE/ME engineering discipline, false negatives are instances
where the classification system fails to identify actual CE/EE/ME discipline jobs
andincorrectly classifies them as N@E/EE/ME.

O«

After applying these formulas to evaluate the classification system, we can determine
whether the classified CE/EE/ME data is ready for further analysis. This process ensures that data
guality meets the required standards. Typically, a score of 0.93hmrhgregarded as excellent,
while a score above 0.8 is considered ggoW uj o v i.[All thes® @ltujations will be
presented in Chapter 4.

3.7 Skill Categorization Procedures

After completing the data preparation process, | prepared the datasetkilior
categorization. The goal was to understand the distribution of skill clusters provided by BGT. To
achieve this, | needed to break down the clusters into individual skill entries, effectively
transforming the data frame into a lefigm format. | bega by examining the structure of the
skill entries within the dataset to identify patterns that would help me organize the data effectively.
Most entries adhered to a consistent format: "Skill Family: Skill; Skill Type." For instance, an
entry such as "Infonation Technology: Microsoft Office and Productivity Tools; Specialized
Skills" could be decomposed into three distinct components: the skill family ("Information
Technology"), the specific skill ("Microsoft Office and Productivity Tools"), and the sk
(ASpecialized Skillso). This structured for ma
families) from individual competencies, laying the groundwork for a mormepth dataset
analysis. An example of the BGT skills cluster includesxaahentries:

ASpecialized Skills| Specialized Skills]In
Principles;Specialized Skills|Maintenance, Repair, and Installation: Equipment
Operation;Specialized Skills|Marketing and Public Relations: Social Media;Specialized
Skills|Informaton Technology: JavaScript and Query;Specialized Skills|Business: Product
Management;Specialized Skills|Specialized Skills|Specialized Skills|Information Technology:
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Scripting Languages;Specialized Skills|Media and Writing: Media Production;Specialized
Skills|Administration: Scheduling;Specialized Skills|Customer and Client Support: Advanced
Customer Service;Specialized Skills|information Technology: Software Devebbpme
Principles;Specialized  Skills|Information  Technology: Technical Support;Specialized
Skills|Supply Chain and Logistics: Transportation Operations Management;Specialized
Skills|] Specialized Skills| Specialized Skill so

However, not all entries followed this pattern. Some Wabeledon|l v as @A Speci a
Ski | | sockilMamilytisted. These generalized entries represented skills that did not fit neatly
into a specific category or were broadly applicable across various domains. Additionally, some
skill families and skills appeared multiple times within a clusteggesting either high relevance
or redundancy. To address these issues, | used asteytapproach. First, | split skill entries using

the"|"separatar o i sol ate individual skills. Then, | ¢
Ski Il Typeo format and parsed them accordingl
Skillso or ACommon Skill s, 0 wexclededtfronethetfiral as s
dataset.

Key columns such as Major, FamilySkill, and Skill were retained, ensuring that the data
captured essenti al details about each skill 6s
approach significantly increased the dataset's length, allowirsgrfare detailed analysis of skill
requirements. For instance, the restructuring resulted in 8,522,340 rows for Electrical Engineers
from 1,127,472, showing the expanded dataset
associated with each job entry.

Table 3.8: Example Long Format Data Framefor Skill Breakdown

Row | JobID Major FamilySkill Skill

0 1754 |Electrical EngArchitecture and ConstructiqElectrical Construction
1754 |Electrical EngEngineering Drafting and Engineering Design
1754 |Electrical EngEngineering Electrical and Computer Engineering
1754 |Electrical EngEngineering Engineering Practices

852 |3939 |Electrical EngInformation Technology Microsoft Office and Productivity Tools

852 |3939 |Electrical EngInformationTechnology Project Management Software

852 [3939 |Electrical EngInformation Technology System Design and Implementation

852 |3939 |Electrical EngManufacturing and Producti¢{Manufacturing Standards
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3.8 Analysis of Research Questions

The study aims to develop a framework for-faieeled SOC code job posting data as these
types of large data are used in economic and workforce researciBielmnerPetty et al., 2019;
Cerioli et al., 2023; Dawson et al., 2019, 2020; Forsythe et al., 2020; Squicciarini & Nachtigall,
2021) The study also aims to investigate trends and variations in CE/EE/ME O*NET SOC
occupations from 2010 to 2022. In this study, | explored skill demands for engineering jobs, as
indicated in job postings from 2010 to 2022, using classified data from tredogded NLP
framework.

3.9 Technical Skills

In the study conducted by Fleming et al. (2024), technical skills are described as the
specific competencies and tools required for engineering roles. This includes proficiency in
software, programming languages, and the analytical and operational lewstéo each
engineering discipline. The study examined the technical skills of CE/EE/ME from 2010 to
2022, focusing on the skills identified by O*NET and Fleming et al. (2024).

0 Software and Tools Microsoft Excel, AutoCAD, SolidWorks, MATLAB, SCADA
(Supervisory Control and Data Acquisition), Microsoft Office Project, Civil 3D, Revit,
Creo, CADD (ComputeAided Design and Drafting)

Programming and Analysis Python, FMEA (Failure Modes and Effects Analysis), FEA
(Finite Element Analysis), PLC (Programmable Logic Controller),

O«

An NLP dictionary was created using the relewaills terminology and applied to the CC, EE,
and ME data sets to determine the frequency and proportions of these skills. The method
employs a straightforward stringatching approach to align the technical skills with those
specified in the job descripins.

3.10 Research Question One

How well can patterrbased text classification and flexible regematch pre-classified (SOC
code) job postings into engineering fields (e.g., Civil, Electricaid Mechanicalengineering)?

To address the research question effectively, | developed a gadisd text classification
and flexible regex classifier that was evaluated using confusion matrices. This approach utilized
NLP to determine relevant skills and keywords tied to SOC ctmexd in job postings. The
classification process involves aply our classifier to categorize each job posting according to
CE/EE/ME discipline one at a time. The Python script compiles a list of regex patterns to match
engineering terms from O*NET in the text; it allows for optional forms (e.g., "engineer,"
"engineer s, " or Alengi neer-insengitivg matchind, makéng the patesns c a s e
flexible for identifying relevant terms in different formats. Additionally, the validation process
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included a manual review of 100 random job postings from each engineering discipline

(CE/EE/ME) to ensure alignment between classifier results and human judgment. The
classification accuracy was evaluated using a confusion matrix framework to identify true

positives, false positives, true negatives, and false negatives, strengthening the reliability of our
job posting mappings and capturing both accurate and inaccurate classifications.

In the data analysis section, | utilize a confusion matrix to evaluate the classifier's

performance byomparing predicted classifications againstlpteeled SOC codes and human
judgment. The evaluation employs four key metrics:

w

(0]

O«

Accuracy measures the ratio of correctly classified instances to the total number of cases.
It is calculated by dividing the sum of true positives and negatives by the total predictions.

The formulaisd OO 6 1 & &3

Precision measures the ratio of true positive predictions to all positive predictions made by
the model, indicating the accuracy of positive instan@es.:Q ® Qi "Qé—&—

Recall measures the classifier's ability to identify relevant cases by calculating the
proportion of true positives to all actual positives (Chicco & Jurman, 2020; Fawcett, 2006).
The formula is'Y 'Q ¢ & & -s——

Fl-score is the harmonimeansof precision and recall, balancing false positives and

negatives. It ranges from 0O to 1, with one indicating perfect precision and recall, making it
useful for imbalanced datasets. (Chicco & Jurman, 2020; Fawcett, 2006). The formula

follows: @ Y& £ 1 @

The study compargserformanceametrics (Accuracy, Precision, Recall, and$dore) across all
three confusion matrix evaluations to assess the classification system's overall effectiveness on job
posting data.

3.11 Research Question Two

RQ2: How do the proportions of different skills required for engineering jobs, as indicated

in job postings, vary across:

O Levels of requisite education (i .e.,
0 Engineering disciplines (i.e., Civil, Electrical, and Mechanical Engineering)?

The analysis determined the proportion of job postings that mention specific skills within

each defined category. | identified the overall proportion of skills and highlighted the top skills in
engineering job postings, providing a baseline for undersigritiie skill landscape across the
CE/EE/ME discipline. The formula for calculating this proportion is:
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Examining differences in these proportions across education levels and disciplines helps
identify differences in the demand for various skills across these contexts, revealing which skills
are predominantly sought after. To address the research questgrdiasertation, | conducted a
detailed analysis across CE/EE/ME disciplines from 2010 to 2022. This approach includes:

1. Top 30 Skill by Overall Proportions
3 Examined proportions for the total period 2010 to 2022 to identify top 30 skills.
2. Top Engineering Family Skill
3 Examined the relative proportions of these skills to determine their significance
within each field
3. Engineering Skills Statistical Analysis
3 Examined proportions of technical skills across the threaplines(CE/EE/ME)
and their educationd¢vels (.e., bachelofs degreemasteés degree, andoctoral
Degree) for 12 years (2042D12) to furtheunderstand how these skills align with
degree requirements.
3 Analysis of Variance (ANOVA) and Cohen's d
Yy Examined the distributions of engineering skills
y I examined whether skills requirements significantly differed across degree
levels (i.e.,bachelor'smaster's, andloctoral) within each of the CE, EE,
and ME disciplines.
Yy To assess differences in skills requirements among engineering disciplines,
| conducted separate ome&ay ANOVA tests for each degree level. First, |
filtered the dataset fob a ¢ h edegree dlata and examined differences
among CE, EE, and ME. | then repeated the analysisnéster's and
doctoral degree levels.
Yy Applied Cohen's d to measure the effect size and assess the magnitude of
differences in skill requirements between degree levels .e,c hel or 6 s
degreema s t, enddoctoraldegres).
Yy Provided statistical conclusion on b
y Cohend D effect sizes effect sizes w
equal to or less than 0.2 were considered small, those greater than 0.5 but
less than 0.8 were considered medium, and values equal to or exceeding 0.8
were considered largéSullivan & Feinn, 2012)
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4. Technical Skills Proportions
3 Assessed the Proportions of the technical skills mentioned in the jobfposts
CE/EE/ME and their degree levels.
3 Provided statistical summaries into how skill requirements vary with educational
degrees.

3.12 Research Question Three

RQ3: How have the proportions of different skills required for engineering jobs, as
indicated in job postings, changdaetween 2010 and 2022, considering both levels of requisite
education (i.e., bachelds, mastes, doctoral) and specific disciplines (civil, electrical, and
mechanical engineering)?

This research question builds on the previous one by examining annual variations in the
proportions of jobs requiring specific skills from 2010 to 2022. The analysis is segmented by
education level (e.g., bacheler masteais, and doctoral) to reveal patterns and trends over time. |
presented the findings yeby-year, using a proportions formula that calculates the skill
percentage for each year from 2010 to 2022 to measure the increase or decrease in demand for
specific skils. This approach helps identifrends; the formula is as follows:

O QY QANE 0 "Béi £€in € 1 =0-Qt¢

D QEQ QI AWAG & 1) £ =Rt

To uncover trends in skill demands over time from 2010 to 2022 for my research across all
CE/EE/ME, | carried out the following analyses:

1. Top 30 Skill by Overall Proportions
3 Examined proportions across 2010 to 2022 to identify trends and changes within
the top 30 skills.
2. Time-Based Frequency Analysis for Top Skills
3 | analyzed the proportional counts of the top 30 skills over time to track changes in
demand across disciplines.
3 | grouped the skills into their respective categories and created individual plots to
improve the visibility of trend lines.
3. Time-Based Frequency Analysis foif echnical Skills
3 | analyzed the proportional counts of the technical skills over time to track changes
in demand across disciplines.
3 | divided the technical skills into two groups in the plots to provide bat#ility
to spot changes across the timeline from 2010 to 2022.
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4. Educational-Level Frequency Analysis for Technical Skills
3 Assessed the proportions of the technical skills mentioned in the job posts for
b a ¢ h erhaster'sasddoctoraldegrees across time from 2010 to 2022.
3 Provided statistical summaries into how skill requirements vary with educational
degrees.

3.13 Researcher Positionality

As an international student with a background in industrial engineering, | have strong
analytical skills and technical knowledge. My background is different from many of my peers,
offering me a unique view of the challenges and opportunities in engine&tindying and
working abroad has helped me become adaptable and good at solving problems. These experiences
have made me realize how important it is for engineering education to keep up wathefaging
technology and industry needs. Working in the stduas a data scientist changed my perspective
on using data to guide decisions. | was responsible for analyzing and interpreting complex data
sets to provide valuable insight#ot h e ¢ o0 mp a n-yakiag poeessi Myiperspective
influences how | approach engineering, aiming to connect what we learn in university with the
skills needed i n todayods j ob mar ket , I

This industry experience and my academic training have enhanced my awareness of the
importance of aligning engineering curricula withthes«@a r | d s ki |l |l s demanded
market. | see a growing need fatucational programs to emphasize dhtaen decisiormaking,
as the ability to extract valuable insights from big data is becoming a critical competency for
making decisions. As a researcher, | recognize that my role as the study designer, along with my
perspectives and past experiences, shapes how | approach research focus, questions, and methods.
In this research study, | aim to bridge the gap between what we learn in university and the practical
skills needed in the workforce. My goal is to leverag& da inform educational practices and
enhance the overall quality of higher education.
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Chapter Four: Analysis and Results

This study aims to analyze online job advertisements to uncover key skills, trends, and
market dynamics within civil, electrical, and mechanical engineering occupations over 13 years
from 2010 to 2022. My research also seeks to enhance the accuracy ofgrihppe postings to
O*NET occupation titles (e.g., Civil Engineering Occupations) by developing an NLP binary
classification system. The performance of this system will be evaluated using a confusion matrix
to measure its effectiveness in refining theppiag process to address the following:

w

0 RQL: How well can pattersbased text classification and flexible regex matching be used
to categorize job postings into engineering disciplines (e.qg., civil, electrical, mechanical
engineering)?

0 RQ2: How do the proportions of different skills required for engineering jobs, as
indicated in job postings, vary across | ev
masteros, doctoral) and engineeringa discip
Engineering)?

0 RQ3: How have the proportions of different skills required for engineering jobs, as

indicated in job postings, changed across the period of 20002, considering both

levels of requisite education and the specific disciplines of Civil, Electrical, and

Mechanical Engineering?

Understanding the evolving demands for engineering skills is crucial for addressing the
workforce's needs and aligning educational outcomes with industry requirements. This study
explores how the proportions of skills required for engineering jobs vasdbgation levels
(bachelots, ma s t elactoral), engineering disciplines (Civil, Electrical, and Mechanical), and
over time from 2010 to 2022. The following analysis addresses these dimensions, providing
insights into how skill demands have shifted asmducation levels and disciplines over a decade.
The analysis examines the distribution of skills across job postings, shedding light on how demand
varies across educational levels and engineering disciplines (e.g., Civil, Electrical, and
Mechanical). Addessing Research Question 2 (RQ2) highlights the differences in skill
requirements across job postings. It explores how these demands change based on the level of
education lfacheloés, ma s t elactéral),and field of specialization. This method offesghts
into educational paths that emphasize specific skills, enhancing understanding of how education
meets industry expectations and workforce demands. To complement this exploration, differences
in skill proficiency across education levels were examiosthg an Analysis of Variance
(ANOVA). This statistical analysis assessed whethermeardifferences among degree groups
within each CEEE\ME separately were significant. The findings from the ANOVA test highlight
the relationship between education akill development, setting the stage for effect size analyses
(Cohen's d) to further evaluate the magnitude of these differences.
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Furthermore, the analysis examines skill trends over a decade, from 2010 to 2022,
providing a temporal perspective on shifts in demand for engineering skills. This longitudinal
analysis will answer Research Question 3 (RQ3) by evaluating how skill poysadntave evolved,
considering the relationship with education levels and specific engineering disciplines.
Understanding these trends will provide a comprehensive view of how the engineering industry
has adapted to technological advancements, market r@edshifting priorities.

4.1. Research Question One

How well can patterrbased text classification and flexible regex matching be usechtegorize
job postings into engineering disciplines (e.g., civil, electrical, mechanical engineering)?

4..1.2. NLP Text Classification Evaluation

In this section, | will evaluate the text classification NLP system and calculate four main
metrics for this evaluation for each one of the datasets CE, EE, and ME datasets: | will apply
Accuracy, Precision, Recall, and-Btore to evaluate the model

4.1.3. Civil Engineering Confusion Matrix

To validate the effectiveness of the pattbased text classification and flexible regex
matching approach, | conducted a manual validation of 100 randomly selected samples from the
CE-specific dataset. The confusion mashowsthat out of 89 instances predicted as positive, 81
were correctly classified (true positives) and 8 were misclassified (false positives). Among the 9
instances predicted as negative, 7 were correctly identified (true negatives) and 2 were
misclassified @lse negatives). The higlumber of true positives and relatively low false positives
and negativesuggesthat the flexible regex matching patterns effectively capturecCth@b
from the jobs ads data while maintaining good precision.

The confusion matrix table formest asfollows:

Table 4.1: Confusion Matrix Table Format

Type Positive Negative

Positive True Positive False Positive

Negative False Negative| True Negative
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Table 4.2: CE Performance Evaluation (n=100)

Type Positive Negative
Positive 81 8
Negative 2 7

Table 4.3: CE Classification Performance

Accuracy

Precision

Recall

F1 Score

0.8980

0.9101

0.9759

0.9419

The patterrbased classification model demonstrated strong performance across all
evaluation metrics. Tabk.3 shows that the model achieved an accuracy of 89.80%, indicating
that nearly 90% of all predictions were correct. The precision score of 91.01% reflects the model's
ability to minimize false positives, while the high recall of 97.59% shows it succesdanlyfied
most of the true positive cases. The F1 score of 94.19%, which represents the harmonic mean of
precision and recall, confirms the model's balanced performance between precision and recall.
These results suggest that the patteased classifiteon approach is reliable and for the job ads
classification task.

4.2. Electrical Engineering Confusion Matrix

To evaluate the effectiveness of the pattessed text classification and flexible regex
matching approach for electric8lE classification, | conducted a manual validation of 100
randomly selected samples from the-§tecific dataset. Out of 87 instances predicted as positive,
77 were correctly classified (true positives) and 10 were misclassified (false positives). Among the
10 instances predicted as negative, 6 were correctly identified (true negatives) and 4 were
misclassified (false negatives). Theglhinumber of true positives and a relatively moderate
number of false positives and negatigsaggesthat the flexible regex matching patterns classified
EE occupation while maintaining reasonable precision.

Table 4.4: EE Performance Evaluation (n=100)

Type Positive| Negative
Positive 77 10
Negative 4 6
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Table 4.5: EE Classification Performance

Accuracy

Precision

Recall

F1 Score

0.8557

0.8851

0.9506

0.9167

The patterrbased classification model demonstrated solid performance across all
evaluation metrics. As shown in Talflé the model achieved an accuracy of 85.57%, indicating
that approximately 86% of all predictions were correct. The precision score of 88.51% reflects the
model's ability to minimize false positives, while the high recall of 95.06% shows it successfully
identified most of the true positive cases. The F1 score of 91.67%, which represents the harmonic
mean of precision and recall, confirms the model's balanced performance between precision and
recall. These results suggest that the pattesed classificatioapproach effectively classified
EE occupations within the job posting data.

4.3. Mechanical Engineering Confusion Matrix

To evaluate the pattetmased text classification and flexible regex matching approach, |
manually validated 100 randomly selected from the-§pEcific dataset. In Tabke6, the results
show that out of 88 instances predicted as positive, 80 were correctly classified (true positives)
and 8 were misclassified (false positives). Among the 10 instances predicted as negative, 7 were
correctly identified (true negatives), and 3 were misdiass{false negatives). The high number
of true positives and relatively moderate false positives and negatiggesthat the flexible
regex matching patterns classifiglE occupation while maintaining good precision

Table 4.6: ME Performance Evaluation (n=100)

Type Positive | Negative
Positive 80 80
Negative 3 7

Table 4.7: ME Classification Performance

F1 Score
0.9302

Recall
0.9639

Precision
0.8989

Accuracy
0.8788

As presented in Tabke7, the model reached 88% accuracy in overall predictions. With a
precision of 90%, the model proved highly reliable in avoiding false positives, and its recall of
96% demonstrates excellent coveragewd positive cases. The resulting F1 score of 93% reflects
the harmonious balance between precision and recall, confirming the model's strong and consistent
performance in the classification task within the job posting data.
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Table 4.8 O*NET-SOC Mapped Dat&Reclassified Postingsomplete Postings (No NaN Degriés
CE/EE/ME

Complete Postings
Discipline O*NET -SOC Mapped Datg Reclassified Postingl (No NaN Degrees)
Civil Engineering 973,451 766,288 621,131 |
Electrical Engineerin 1,317,338 1,223,953 949,648
Mechanical 1,199,302 876,133 697,810
Engineering
Total 3,490,091 2,866,374 2,268,589

Table 4.8 summarizes the impact of applying patbersed text classification and flexiliegex
matching to job postings initially mapped by the O*NEDC taxonomy. fie number of postings
decreased from 973,451 to 766,288 for CE, from 1,317,338 to 1,223,953 for Electrical EE, and from
1,199,302 to 876,133 for Mechanical Engineering (ME) following reclassificalibe classification
systemdbs emphasis on precision and recall, as val
and ME achieved high F1 scores (94%, 92%, and 93%, respectively). The strong performance across
accuracy, precisn, recall, and Fscore confirm that the reclassification more effectively isolates
disciplinespecific postings while reducing false positives. As a result, the refined dataset provides a more
reliable foundation for labor market analysis. When furthteréd to include only postings with complete
degree information (no NaN values), the totals declined to 621,131 for CE, 949,648 for EE, and 697,810
for ME resulting in a total of 2,268,589 postings that were used for the analysis. This additionayj filteri
step was applied to ensure effective analysis of educational level and skills trends across CE/EE/ME
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Table 4.9 Yearly Distribution of F or Non-CE/EE/ME Classified Job Ads

Year non-civil-major | non-electrical-major | non-mechanicatmajor
2010 6,106 2,867 14,043
2011 8,146 3,339 18,012
2012 8,918 3,558 18,962
2013 13,928 6,757 21,648
2014 15,234 6,832 21,204
2015 17,293 7,513 24,331
2016 15,148 7,149 21,861
2017 15,662 6,912 22,899
2018 19,586 8,425 31,911
2019 20,804 9,161 31,192
2020 17,533 7,791 23,703
2021 19,855 9,554 26,675
2022 28,966 13,547 46,744
Total 207,179 93,405 323,185
Total NonCE/EE/ME 623,769
Original NonCE/EE/ME 623,717
Total of NaN Dates 52

Table 4.9resents the yearly distribution of N@E/EE/ME job advertisements classified as-non
CE, nonEE, and norME from 2010 to 2022. The total counts across all years indicate that there were
207,179 nortivil-major, 93,405 nowlectricatmajor, and 323,185 am-mechanicamajor postings,
culminating in an aggregated total of 623,769 job ads classified outside these primary engineering fields.
A small discrepancy between the calculated total and the originally recorded total (623,717) and the
presence of 52 recds with missing or unclassified dates are noted.

4.5 Degree Distribution for CE/EE/ME

Table 4.10 Distribution of Degrees For CE/EE/ME Classified Job Ads (No NaN Degrees)

Degrees CE (N) % EE (N) % IZ/INE) %
Bachel 595766 |95.92%| 904220 | 95.22%| 662121| 94.89%
Mast el 23075 | 3.71% | 35982 | 3.79% | 26822 | 3.84%
Doctoral 2,290 0.37% 9446 0.99% | 8867 | 1.27%
Total 621,131 | 100% | 949648 | 100% | 697810 100%
Total 2,268,589
Table 4.10 shows that jobs requiring

at

| east a

database, accounting for 595,766 (95.92%) of the 621,131 degrees recorded. Jobs requiring at least a

master 6s

degree

compr i s eringza3dodioialbdeg(ed reptekent) the sraatiedt
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proportion at 2,290 (0. 37%). I n EE, jobs requirin

949,648 degrees recorded. Masterds degredevelrequir e
postings total 9,446 (0.99%). Similarly, in ME6H121 (94.89%) of the 697,810 postings require a
bachel ordéds degree. Jobs requiring a masterods degr

doctoral degree.
4.4 Job Posting Skill Analysis

Table 4.11: Average Skills Per Year Across CE/EE/ME in Job Advertisement (201®2022)

Year CE (Avg Skills)| EE (Avg Skills) | ME (Avg Skills)
2010 6.49 7.43 6.93
2011 7.35 7.86 7.47
2012 7.12 7.86 7.48
2013 7.21 7.99 7.36
2014 7.40 8.27 7.75
2015 7.53 8.57 7.94
2016 7.66 8.70 8.08
2017 7.91 8.90 8.22
2018 8.16 9.04 8.61
2019 7.80 9.01 8.76
2020 7.79 9.02 8.96
2021 8.31 9.79 9.27
2022 8.85 10.30 9.62

Table4.11 presents the average skills per year from 2010 to 2022, highlighting a steady
increase in the number of skills listed within each job advertisement across Civil, Electrical, and
Mechanical engineerind:E job advertisements consistently had a greater number of skills, with
skills rising from 7.43 in 2010 to 10.30 in 2022, marking a 38.6% increase. This is followed by
Mechanical Engineering, which grew from 6.93 to 9.62 skills (38.7%). While growing more
slowly, CEincreased from 6.49 to 8.85 skills (36.2%flecting steady but more traditional skill
demand, as indicated by job advertisements. The analysis indicates that job advertisements in all
three field® Civil, Electrical, and Mechanical Engineerihdniave become more complex and
listed more skills beteen 2010 and 2022. The results cannot speak with certainty as to whether
the jobs themselves required a higher number of skills.

The sections that follow step through each engineering discipline separately, beginning
with civil engineering, followed by electrical engineering, and then mechanical engineering. Each
section works through the research questions as relevant to thpliraksci
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4.5 Examining Civil Engineering Skills by Proportion and Trends

Table 4.12 shows that jobs requiring at leasbaa ¢ h edegree dmninate thé€E job
advertisement database, accounting for 595,766 (95.92%) of the 621,131 degrees recorded. Jobs
requiring at leastma s t degre@ somprise 23,075 (3.71%), and jobs requiring a Doctoral degree
represent the smallest proportion at 2,290 (0.37%)).

Table 4.12: CE Degree Distribution

CE Degrees Degree (N)| Percentage
Bachelois 595,766 95.92%
Mastefs 23,075 3.71%
Doctoral 2,290 0.37%
Total 621,131 100%

4.5.1 CE Top 30 Skills by OveralProportions

Figure 4.1 highlights the top 30 skills @E based on their overall proportions across
various skill families (note: the skill family is shown in parenthesEsg. proportion ofCE job
advertisementéncluded a particular skill as a requirement. Drafting and Engineering Design
standsout as the most prevalent skills @E job advertisements, followed closely by Project
Management and Engineering Software, underscoring their foundational rdB#s projects.

Skills such as Microsoft Office, Productivity Tools, and Construction Management rank highly,
emphasizing the importance of digital tools. Budget management and scheduling are also
prominent, reflecting the need for financial planning and prajectdination.
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Figure 4.1: Civil Engineering Top 30 Skills byOverall Proportions

Civil Engineering Top 30 Skills by Overall Proportion (with Skill Family)
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Project Management (Business)
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Microsoft Office and Preductivity Tools (Information Technelogy)
Construction Management (Architecture and Construction)
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Scheduling (Administration) §

Estimating (Architecture and Construction)

Engineering Practices (Engineering) -

Roads and Drainage (Engineering)

Writing (Media and Writing)

Basic Customer Service (Customer and Client Support)
Contract Management (Business)

Procurement (Supply Chain and Logistics)

People Management (Business)

Skill (skill Family)

Quality Assurance and Control (Business)

Engineering Management (Engineering)

Business Process and Analysis (Business)

Business Development (Sales)

Construction Inspection (Architecture and Construction) 4
Equipment Repair and Maintenance (Maintenance, Repair, and Installation) §
Graphic and Visual Design Software (Design) 4

General Architecture (Architecture and Construction)
Project Management Software (Information Technology)
Occupational Health and Safety (Human Resources) -
Technical Support (Information Technology)
Environmental Work (Environment) -

T T T T T
0.0% 10.0% 20.0% 30.0% 40.0% 50.0%
Overall Proportion (%)

Lowerranked but notable skills include Writing, Basic Customer Service, and
Procurement, which point to the importance of communication, client relations, and supply chain
management IlCE practices. Specialized skills such as Graphic and Visual Design Software,
Occupational Health and Safety, and Environmental Work, while less represented, demonstrate
their importance in specific contexts like safety, sustainability, and innovative d&sign.
distribution showcases the multidisciplinary nature of civil engineering, with a balance between
technical expertise, managerial skills, and supporting competencies essential for success in modern
projects. Next, | closely examine how these skillsehewolved from 2010 to 2022, shedding light
on trends and shifts IBE priorities and practices.

Next, | present each of these skills from a temporal perspective across multiple plots
grouped by skills family. From 2010 to 2022, the trends in skill proportions across three categories
Engineering, Administration, and Architecture aohnstructionwhichreflect the evolving needs
in CE. Drafting and engineering design dominate the engineering category, with other skills like
engineering management, engineering practices, and engineering software showing stable trends.
Roads and Drainage demonstrate adgal increase, highlighting its growing relevance. In
Administration, Scheduling shows an upward trend, emphasizing the increasing importance of
project planning and coordination @E projects. In Architecture and Construction, Construction
Management and General Architecture maintain prominence, while Architectural Design shows
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steady growth over time. Specialized skills like construction inspection and estimation increase
gradually, indicating their importance in CE.

Figure 4.2: Trend of Top 30 Skill (Engineering, Administration, Architecture and
Construction) 20162012
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In figure 4.3, @er the past decade, the trends in skill proportions across three categories
BusinessEnvironment and finance have displayed the shifting demands of civil engineering. In
the business category, project management consistently dominates and has become even more
prevalent in job ads, reflecting its critical role @E positions. Other skills, such as People
Management and Quality Assurance and Control, maintain lower proportions but gradually
increase, indicating their growing importanoananaging teams and ensuring quality standards.
In the Environment category, Environmental Work displays fluctuating trends, with periods of
decline followed by recovery in recent years, reflecting its variable emphasis depending on
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environmental and regulatory priorities. Budget Management shows a steady upward trajectory in
Finance, highlighting its increasing significance as cost control and financial planning become
more critical in managing larggcaleCE projects.

Figure 4.3: Trend of CE Top 30 Skill (Business, Environment, and Finance) 2012012
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In figure 4.4, wer the past decade, trends in skill proportions across three categories
Information Technology, Maintenance, Repair, and Installation, and Media and Wvhioh
reflect shifts in skill demands withi€E (note: the yaxes of the plots need to be taken into
consideration when interpreting changes across plots). In the Information Technology category,
Microsoft Office and Productivity Tools consistently dominate, highlighting their essential role in
engineemg workflows. Other skills, such as Project Management Software and System Design
and Implementation, maintain smaller proportions with limited but steady growth, indicating their
importance in specific technical and managerial contexts. In the Maictn&epair, and
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Installation category, Equipment Repair and Maintenance shows variability, peaking around 2018
before declining in recent years. This trend suggests periodic demand, potentially influenced by
technological advancements and equipment life cycles or avigylaidfi certain kinds of jobs at

any given time. Writing exhibits a clear upward trend in the Media and Writing category, reflecting
an increasing emphasis on documentation, reporting, and communication@itprojects.

Figure 4.4: Trend of CE Top 30 Skill (Information Technology, Maintenance, Repair and
Installation, and Media and Writing) 2010-2012
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In figure 4.5, @er the past 10 years, trends in skill proportions across three categories
Science and Research, Supply Chain and Logistics, and Drelsiginreflect changes in demand
of these skills withinCE see Figure 4.5n the Science and Research category, Earth and Space
Science peaked around 2018, with a decline in recent years. This pattern spggesis
emphasis on researdhiven initiatives potentially influenced by environmental and technological
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factors. Procurement has gradually grown over time in the Supply Chain and Logistics category,
with a notable spike in 2018. Its recent upward trend reflects the increasing importance of effective
resource managementCE projects. Graphic and visual design software has steadily risen in the
design category, particularly in the last few years, highlighting its growing relevance in integrating
visual tools for engineering design and communication.

Figure 4.5: Trend of CE Top 30 Skill (Science and Research, Supply Chain and Logistics
and Design) 201012
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Figure 4.6 showsthat fom 2010 to 2022, the trends in skill proportions across three
categories Customer and Client Support, Human Resources, and ®hlel reflect evolving
priorities in civil engineering. Basic Customer Service demonstrates a steady upward trend in the
Customer and Client Support category, plateauing in recent years. This increase underscores the
growing importance of client engagement amport in project management and service delivery.
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In the Human Resources category, Occupational Health and Safety has shown growth, particularly
after 2020. This trend highlights an increasing focus on workplace safety and compliance, likely
driven by stricter regulations and heightened awareness ofhhetdindards. Business
Development exhibits notable variability in the Sales category, with a sharp increase peaking
around 2020, followed by a slight decline. This suggests a growing emphasis on strategic growth
and business opportunities in civil enginegy influenced by market expansion and competition.

Figure 4.6: Trend of CE Top 30 Skill Customer and Client Support, Human Resources and
Sales)20102012
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Figure 47 presents the top Engineering skillsGE& by proportion within the engineering
skill family (note: analyses presented above did not only focus on the engineering skills family).
Drafting and Engineering Design stand out as the most dominant skills, followed by Engineering
Software, Engineering Retices, and Roads and Drainage. This reflects their critical importance
in CE projects and workflows. Moderately represented skills include Surveying, Simulation, and
Process Engineering. In contrast)lsisuch as Optical Engineering, Radio Frequency Equipment,
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and Hardware Description Languages appear less frequently, indicating their more specialized
nature within civil engineering. This distribution highlights the essential technical competencies
within CE that could cut across more jobs or also reflect the kinds of jobs W@thihat tend to

be more predominant, with a strong emphasis on design, software, and practical engineering
practices that areindamental to the profession.

Figure 4.7: Top CE Skills in Engineering Family Skill
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Figure 4.8: Top CE Skills in Engineering Family Skill Across Time (20162022)

Trend of Top Skills in 'Engineering’ Over the Years
70.0% A =
60.0% 1 —//

50.0%

——

&
o
]
=

30.0%

—— —
/—'\m/ s B
20.0% 1 ‘\/‘//_"\_/\ﬁ_—"—_\\

10.0% A

s ————— 1
0.0% 4 . . . 4 > o s 4 . —

2012 2014 2016 2018 2020 2022
Year

Proportion of Jobs

Skills
—e— Drafting and Engineering Design —8— Surveying —8— Automation Engineering —8— Imaging
Engineering Software Simulation -8 Robotics —&- Hardware Description Languages (HDL)
—e— Engineering Practices =@~ Process Engineering —o— Circuitry —e— Radio Frequency Equipment
—8— Roads and Drainage Automotive Technologies —8— Signal Processing —8— Optical Engineering
—&— Engineering Management —e— Electronic Hardware —e— Radio Frequency (RF)

Note: Skills shown in gray have a maximum proportion of 1% and below.

Figure 4.8 presents the trends in key engineering skil&jjob postings over time (2010
2022). Drafting and Engineering Design stands out as the most dominant skills, consistently
increasing in prevalence and surpassing 70% by 2022. This highlights their foundational
importance in the field. Engineering Softwarldws with a stable proportion, reflecting the
ongoing demand for technological proficiency in engineering projects.

Moderately represented skills include Engineering Practices, Roads and Drainage, and
Engineering Management, which show steady trends, emphasizing their critical roles in project
execution and infrastructure development. In contrast, skills such as (igiakering, Radio
Frequency Equipment, and Hardware Description Languages appear less frequently, pointing to
their specialized applications within civil engineering. This distribution highlights the essential
technical competencies in civil engineerisggpongly emphasizing design, software, and practical
engineering practices. These trends reflect the evolving priorities of the profession, shaped by
advancements in technology and the demands of modern infrastructure projects.

The next part of the analysis examines Mo skills differ across education levels. For
illustration, the box plot displays a selected sample of skills distributed dacssods, masteds,
anddoctoral degrees. Each box and whisker represent the range of skill proportions over the period
of record for each sk#éducation level combination. Foundational skills like Drafting and
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Engineering Design show consistently higher proportions in jobs requiaicigelots degrees,
underscoring their importance in entgyel roles. For jobs requiringnaster's degrees, the data
reveals greater variability in skills such as engineering management and geotechnical engineering,
which may reflect the broader scope and specialization options available at this level. At the
Doctoral level, while the overall pportion of jobs is lower, there is noticeable variation in
advanced skills like simulatip process engineering, and survegirtgghlighting the specialized

and researcbriented nature of these roles. This analysis aims to highlight both the proportion and
variability of skills across education levels to address how educational attainmeaes skabp
demand in civil engineering.

Figure 4.9: Distribution of Skill Proportions Across Degree Levels in CE

Distribution of Proportions for Each Skill Across Degrees
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Results presented in Taldel3 providean overview of the differences @E and related
engineering skills acrosarious degree levelbgchelofs, Masteds, anddoctoral). Significant F
values with corresponding\yalues less than 0.05 indicate that the differences among the degree
groups are statistically significant for most of the analyzed skills. For example, skills such as
Geotechnical Engineeringr((2, 36) = 108.51, p < 0.001) and Roads and Draingg@g,(35) =
160.12, p < 0.001) exhibited substantial variation across degree levels. These results suggest that
jobs requiring different education attainment levels emphasitls. However, for a few skills,
such as Surveyindg~((2, 30) = 2.81, p = 0.076), thevalue exceeds the 0.05 threshold, indicating
no statistically significant difference among the groups for these skills. Cohen's D tests were
further investigated to determine the magnitude and direction of these differéhesg tests
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guantified the effect sizes between specific degree pairs ea.c h evs.anasbess) and
identified which degree level demonstrated the highest proficiency in each skill category.

Table 4.13: ANOVA for CE and Engineering Skills Across Degree Levels

Skill F df p Significant
Automation Engineering 208 (2,24 O Yes
Automotive Technologies 7.47 | 2,27| 0.003 Yes
Circuitry 44 | 2,28 0 Yes
Drafting and Engineering Design 84.7312,36| O Yes
Electronic Hardware 3.95 | 2,24| 0.033 Yes
Engineering Management 6.59 | 2, 36| 0.004 Yes
Engineering Practices 165 (2,36 O Yes
Engineering Software 413 | 2, 36| 0.024 Yes
Geotechnical Engineering 108.512,36| O Yes
Hardware Description Languages 66.3 (2,18 O Yes
Imaging 28.7212,26f O Yes
Optical Engineering 8.74 11,14 0.01 Yes
Process Engineering 9.5 | 2,28| 0.001 Yes
Radio Frequency (RF) 81.81(2,23| O Yes
Radio Frequency Equipment 17.73| 1, 13| 0.001 Yes
Roads and Drainage 160.12 2,35 O Yes
Robotics 6.39 | 2, 23| 0.006 Yes
Signal Processing 31.2(2,33] O Yes
Simulation 16.66| 2, 36 0 Yes
Surveying 2.81 | 2,30| 0.076 No
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Table4.14.Cohenods

Ef fCE artd Engineermg Skifis A\cross Degree Levels

Skill

Degree Pair

Cohen's d

Effect Size

Larger Group

Automation Engineering

Bachelor's vs Doctoral

2.546

Large

Bachelor's Larg

Automation Engineering Bachelor's vs Master's, 1.075 Large |Bachelor's Larg
Automation Engineering Doctoral vs Master's 2.398 Large | Doctoral Large
Automotive Technologies Bachelor's vs Master's,  0.063 Small Master's Large
Automotive Technologies Bachelor's vs Doctoral| 1.573 Large | Doctoral Large
AutomotiveTechnologies Master's vs Doctoral 1.499 Large Master's Large
Circuitry Bachelor's vs Doctoral| 4.636 Large | Doctoral Large

Circuitry Bachelor's vs Master's|, 0.923 Large Master's Large

Circuitry Doctoral vs Master's 2.93 Large | Doctoral Large

Drafting and Engineering Desig| Bachelor's vs Doctoral| 4.503 Large |Bachelor's Larg
Drafting and Engineering Desig| Bachelor's vs Master's,  3.054 Large |Bachelor's Larg
Drafting and Engineering Desig| Doctoral vs Master's 2.508 Large Master's Large
Electronic Hardware Bachelor's vs Doctoral| 2.834 Large |Bachelor's Larg
Electronic Hardware Bachelor's vs Master's,  0.158 Small |Bachelor's Larg
Electronic Hardware Doctoral vs Master's 1.747 Large Master's Large
Engineering Management Bachelor's vs Doctoral| 1.158 Large |Bachelor's Larg
Engineering Management Bachelor's vs Master's| 0.843 Large |Bachelor's Larg
Engineering Management Doctoral vs Master's 0.855 Large Master's Large
Engineering Practices Bachelor's vs Doctoral| 1.861 Large |Bachelor's Larg
Engineering Practices Bachelor's vs Master's,  0.419 Medium | Bachelor's Larg
Engineering Practices Doctoral vs Master's 1.532 Large Master's Large
Engineering Software Bachelor's vs Doctoral 0.83 Large |Bachelor's Larg
Engineering Software Bachelor's vs Master's,  0.171 Small |Bachelor's Larg
Engineering Software Doctoral vs Master's 0.86 Large Master's Large
Geotechnical Engineering Bachelor's vs Doctoral 3.07 Large | Doctoral Large
Geotechnical Engineering Bachelor's vs Master's|  8.387 Large Master's Large
Geotechnical Engineering Doctoral vs Master's 2.158 Large | Doctoral Large
Hardware Description Languagq Bachelor's vs Doctoral NaN Large | Doctoral Large
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Table 4.14: Continued

HardwareDescription Languagey Bachelor's vs Master's| 1.757 Large Master's Large
Hardware Description Languagq Doctoral vs Master's NaN Large Master's Large
Imaging Bachelor's vs Master's, 1.643 Large Master's Large
Imaging Bachelor's vs Doctoral| 2.985 Large Doctoral Large
Imaging Master's vs Doctoral | 2.376 Large Doctoral Large
Optical Engineering Bachelor's vs Master's| 1.893 Large | Bachelor's Large
Process Engineering Bachelor's vs Master's| 1.277 Large | Bachelor's Large
Process Engineering Bachelor's vs Doctoral| 1.159 Large | Bachelor's Large
Process Engineering Master's vs Doctoral 2.022 Large Master's Large
Radio Frequency (RF) Bachelor's vs Master'sy 0.645 | Medium| Master's Large
Radio Frequency (RF) Bachelor's vs Doctoral| 5.677 Large Doctoral Large
Radio Frequency (RF) Master's vs Doctoral | 4.792 Large Master's Large
Radio Frequency Equipment | Bachelor's vs Master's, 3.198 Large Master's Large
Roads and Drainage Bachelor's vs Doctoral| 5.811 Large Doctoral Large
Roads andbrainage Bachelor's vs Master's. 4.489 Large | Bachelor's Large
Roads and Drainage Doctoral vs Master's | 3.266 Large Master's Large
Robotics Bachelor's vs Doctoral| 4.705 Large | Bachelor's Large
Robotics Bachelor's vs Master's) 0.463 | Medium| Bachelor's Large
Robotics Doctoral vs Master's | 0.979 Large Doctoral Large
Signal Processing Bachelor's vs Master's| 0.886 Large Master's Large
Signal Processing Bachelor's vs Doctoral| 2.463 Large Doctoral Large
Signal Processing Master's vdoctoral 2.263 Large Doctoral Large
Simulation Bachelor's vs Doctoral| 2.043 Large Doctoral Large
Simulation Bachelor's vs Master's| 1.965 Large Master's Large
Simulation Doctoral vs Master's | 0.993 Large Doctoral Large
Surveying Bachelor's vdlaster's | 0.593 | Medium| Master's Large
Surveying Bachelor's vs Doctoral| 0.654 | Medium| Doctoral Large
Surveying Master's vs Doctoral | 0.897 Large Master's Large
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Cohen's d effect siz&€3E and related engineering skills across degree pairbagh €lods,
masteds, anddoctoral) highlight substantial differences in skill proportions between educational
levels. Skills such as Circuitry (Bachelor's vs Doctoral: Cohen's d = 4.636, large effect) and Roads
and Drainage (Bachelor's vs Doctoral: Cohen's d = 5.811, large efkbabjt large effect sizes,
indicating that jobs requiring Doctoral degrees include this skill in job advertisements
proportionally more frequently than jobs requiringoaa ¢ h edegree.8isnilarly, skills like
Drafting and Engieering Design (Bachelor's vs Master's: Cohen's d = 3.054, significant effect)
and Radio Frequency Equipment (Bachelor's vs Master's: Cohen's d = 3.198, significant effect)
show notable differences in proportions across the degree requirements.

For some skills, the differences are more minor but still notable. For instance, Robotics
(Bachelor's vs Master's: Cohen's d = 0.463, medium effect) and Engineering Practices (Bachelor's
vs Master's: Cohen's d = 0.419, medium effect) suggest moderaterdiffe for jobs requiring
ma s t degrées. Conversely, specific skills exhibit minimal differences, such as Automotive
Technologies (Bachelor's vs Master's: Cohen's d = 0.063, small effect), where skill proportions are
nearly equivalent across the degrees

4.5.2. Civil Engineering Technical Skills

My analysis also investigated specific technical skills that appeared in job advertisements.
Table4.12highlights the technical skills required 1GE jobs at different degree levelsachelods,
masteds, anddoctoral. Skills like Excel, CAD, and AutoCAD are consistently in demand across
all levels, although the extent varies. For instance, Examlost requirecht the doctoral level
(49.61%) compared to bachei®r(48.98%) and master's (48.50%). Advanced skills such as
MATLAB and Python are more prevalent in jobs requirin@ster's (2.76% and 1.71%,
respectively) and doctoral degrees (6.24% and 2.75%). On the other hand, practical skills like
AutoCAD (31.74%) and Microsoft Office (14.34%) are more praniin bacheloés-level job
advertisements.

70



Table 4.15: Technical Skill Proportions in CE Job Ads (20162022)

Skill BachelorGs (%) | Masterds (%) Doctoral (%)
AutoCAD 31.74 20.05 3.93
C++ 0.18 1.09 541
CAD 47.03 36.62 34.89
CATIA 1.20 0.22 0.09
Civil 3D 13.99 3.89 0.87
Excel 48.98 48.50 49.61
FMEA 0.27 0.29 0.17
MATLAB 0.53 2.76 6.24
Microsoft Office 14.34 9.67 3.32
Microsoft Project 1.96 0.60 0.04
PLC 1.07 1.16 0.26
Python 0.39 1.71 2.75
Revit 5.32 8.87 1.40
SCADA 0.28 0.08 0.00
SQL 0.22 0.57 1.97
SolidWorks 1.10 0.99 0.57

4 5.3 CE TechnicalSkills Trends (20102022)

This section examines the trends in technical skills required in CE job ads from 2010 to
2022. In theupcoming plots, the technical skills presented in Takl® Were divided into two
groups, with eight skills in each group. This division was made to enhance visualization and ensure
that the skill trend lines do not overlap, allowing for a clearer interpretation of the data.
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Figure 4.10: Trends in Technical Skill Over Time in CE Job Ads (Group 1)

Skill Proportions Over Time (All Degrees - Group 1)
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Figure4.10illustrates the trends in the proportions of selected technical skills required in
CEjob ads over time, combining data for all degree le\msHhelofs, masteds, anddoctoral). It
highlights how specific skills, such as Excel and CAD, consistently dominate the demand across
the years, with Excel maintaining the highest proportion. Other skills like AutoCAD and
MATLAB show steady but lower trends, indicating their speceal nature inCE roles.
Meanwhile, skills such as FMEA, C++, and CATIA remain less prevalent throughout the period.
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Figure 4.11: Trends in Technical Skill Over Time in CE Job Ads(Group 2)

Skill Proportions Over Time (All Degrees - Group 2)
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Figure 4.11 shows the trends in the proportions of additional technical skills required in
CE job ads over time, combining data for all degree levadsHelor's master's, andioctoral).
Microsoft Office was the most frequently appearing technical skill among this group of skills.
Skills like Revit show upward trends, reflecting their growing importanGtroles. Meanwhile,

less prevalent skills such as Microsoft Project, SCADA, and PLC remain steady at lower
proportions.
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Figure412 Trends in Technical Skill ©O&apl)Ti me i n

Figure Trends in Technical Skill Over Time in CE Job Advertisements (Bachelor's - Group 1)
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Figure4.12shows the trends in technical skill proportionstdachelor'devel CE job ads
(Group 1) from 2010 to 2022. Skills such as Excel and CAD exhibii¢jieest and most consistent
demand throughout the period. AutoCAD shows a steady trend, maintaining a moderate
proportion, while other skills like MATLAB, CATIA, and C++ remain less prominent. The
inclusion of FMEA shows mivehi mal demand at the
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Figure413 Trends in Technical Skill ©OG@p2)Ti me

Figure Trends in Technical Skill Over Time in CE Job Advertisements (Bachelor's - Group 2)
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Figure 4.13displays the trends in technical skill proportions for baclielerel CE job
ads (Group 2) from 2010 to 2022. Microsoft Office shaeasistentlyhigh demand. Skills like
Revit and Python have become more prominent, reflecting the increasing need for specialized
software knowledge. Other skills, such as Microsoft Project, SQL, SCADA, and PLC, exhibit
steady but lower proportions, indicating theirmmi t ed appl i cation at t he

75

n

o



Figure414 Trends in Technical Skill -Goupt) Ti me i n

Figure Trends in Technical Skill Over Time in CE Job Advertisements (Master's - Group 1)
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Figure 414 epresents the trends i n tlevelGEjbc al s k
ads (Group 1) from 2010 to 2022. Excel and CAD demonstrate a consistent presence in the job
advertisements, maintaining the highest proportions throughout the years. AutoCAD and CATIA
also show steadyemand, while MATLAB, C++, and FMEA remain relatively low in proportion,
indicating their specialized application in specific roles. The trend suggests that while foundational
skills like Excel and CAD continue to be crucial, there is a gradual declthe gdemand for other
specific technical skills within job advertisements, such as AutoCAD and C++.
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Figure Trends in Technical Skill Over Time in CE Job Advertisements (Master's - Group 2)
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Figure 4.15shows the trends in technical skill proportions for mésiewvel CE job ads
(Group 2) from 2010 to 2022. Microsoft Office shows steady growth, with a notable increase from
2019 onward. Skills like Revit and Python also demonstrate upward trends, reflecting their
growing demand IirCE roles. Conversely, other skills, such as Microsoft Project, SCADA, and
SQL, gradually grow. The data highlights a shift toward more specialized skills in recent years,
with some technologies like Revit and Pyth@ingng prominence.
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Figure 4.16: Trends in Technical Skill Over Time in CE Job Ads(Doctoral - Group 1)

Figure Trends in Technical Skill Over Time in CE Job Advertisements (Doctoral - Group 1)
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Figure4.16illustrates the trends in technical skill proportions for docttena¢| CE job ads
(Group 1) from 2010 to 2022. Excel and CAD consistently dominate the demand, with fluctuations
over the years. AutoCAD, MATLAB, and CATIA exhibit moderate proportions, reflecting their
specialized use in doctorkdvel positions. Skills like C++ ahFMEA remain at lower levels,
indicating their limited application in these roles. The trends highlight the importance of
foundational skills like Excel and CAD whis#owcasing the steady relevance of specialized tools.
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Figure 4.17: Trends in Technical Skill Over Time in CE Job Ads (Doctoral- Group 2)

Figure Trends in Technical Skill Over Time in CE Job Advertisements (Doctoral - Group 2)
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Figure4.17shows the trends in technical skill proportions for doctlenat| CE ads (Group
2) from 2010 to 2022. Microsoft Office and Revit have experienced demand increases, particularly
in recent years. SQL and Python have also demonstrated notable growth, reflecting their
importance in advanced technical roles. Other skills, ssithierosoft Project, SCADA, and PLC,
remain steady at lower proportions. The trends emphasize the growing presence in job

advertisements of skills associated with using adedsoftware tools like Python, SQL, and Revit
in jobs requiring a doctorate.
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4.5.2 Summary of CE Job Posting Analysis

This section examined the distribution ©E degrees and skill demands across
bachel or 6s, master 0s, and Doctor al l evel s fro
domi nat e, making up 95.92% of the 621,131 job
and 0.37% for Doctoral degreeshél'top 30 skills inCE show that Drafting and Engineering
Design, Project Management, and Engineering Software are the most comn@ih job
advertisements. Other key skills, like Microsoft Office, Construction Management, and Budget
Management, emphasigee growing need for digital tools, financial planning, and coordination.
Though less common, skills like Writing and Procurement reflect the increasing focus on
communication and supply chain management for successful project delivery.

Skill demands differ across educational levels. Bachelor's degrees focus on traditional
technical skills like drafting and engineering software, essential for-Evey roles. Master's
degrees combine technical knowledge with managerial skills, suctostpcoordination and
strategic planning. Doctoral degrees emphasize reséasabed and specialized skills, like
Geotechnical Engineering, Circuitry, and Roads and Drainage, requiring advanced expertise. From
2010 to 2022, trends show growth in infrasturerelated skills like Roads and Drainage,
increased Scheduling for project coordination, and rising demand for Budget Management in
largescale projects. Additionally, tools like Graphic and Visual Design Software have gained
importance.

The analysis of technical skills @E from 2010 to 2022 shows important trends across
degree levels. Foundational skills like Excel, CAD, and AutoCAD are crucial at all levels, with
the highest demand at thea c h elével,rréilecting a focus on practical, enteyel roles.
Master'slevel roles expect at a higher rate advanced tools like Python, MATLAB, and Reuvit.
Doctoral roles emphasize specialized and reseanigkn skills, with tools like SQL, Python, and
Revitgaining importance for advanced arsgyand design. Over time, demand for tools like Revit
and Python has grown across all levels, signaling a shift toward digital transformation. Managerial
skills, such as Project Management and Scheduling, have also increased, reflecting the growing
complity of modern projects. These trends highlight the impact of technology, infrastructure
growth, and innovation on the field
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4.6 Examining Electrical Engineering Skills by Proportion and Trends

Table4.16 indicates that jobs with a minimum expectation bfa ¢ h edégeee dbminate
the EE dataset, accounting for 904,220 (95.22%) of the 949,648 degrees recorded. Jobs requiring
ma s t degre@scomprise 35,982 (3.79%), and Doctoral degrees represent a minor proportion at
9,446 (0.99%).

Table 4.16: Distribution of Degrees in EE

EE Degrees Degree (N) Percentage
Bachelots 904220 95.22%
Mastels 35982 3.79%
Doctoral 9446 0.99%
Total 949648 100.00%

Figure4.18 highlights the top 3&E skills based on their prevalence, with the skills family
shown in parentheses. Drafting and Engineering Design and Basic Electrical Systems are the most
prominent skills, followed closely by Project Management and Engineering Software, reflecting
their foundational roles in technical execution and project oversight. Skills such as Microsoft
Office and Productivity Tools, Electrical Construction, and Equipment Repair and Maintenance
rank highly, emphasizing the integration of digttaols and handen technical expertise. Budget
Management and Scheduling are also prominent, underscoring the need for financial planning and
operational coordination.
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Figure 4.18 EE Top 30 Skill by Overall Proportions

Electrical Engineering Top 30 Skills by Overall Proportion (with Skill Family)

Drafting and Engineering Design (Engineering)

Basic Electrical Systems (Maintenance, Repair, and Installation)
System Design and Implementation (Information Technology)
Project Management (Business)

Engineering Software (Engineering)

Microsoft Office and Productivity Tools (Information Technology)
Electrical Construction (Architecture and Construction) -
Equipment Repair and Maintenance (Maintenance, Repair, and Installation)
Engineering Practices (Engineering)

Budget Management (Finance) 4

Electrical Power (Energy and Utilities) 4

Scheduling (Administration) 4

Circuitry (Engineering)

Simulation (Engineering) -

Technical Suppert (Information Technology)

Product Development (Manufacturing and Production) -
Schematic Diagrams (Maintenance, Repair, and Installation)
Signal Processing (Engineering) 4

Business Process and Analysis (Business)

Software Development Principles (Information Technology) -
Electronic Hardware (Engineering) -

Procurement (Supply Chain and Logistics)

Mathematical Software (Analysis) 4

Basic Customer Service (Customer and Client Support) 4

C and C++ (Information Technology) -

Writing (Media and Writing) -

User Interface and User Experience (UI/UX) Design (Design)
Estimating (Architecture and Construction)

skill (Skill Family)

T T T T T T
0.0% 5.0% 10.0% 15.0% 20.0% 25.0% 30.0%
Overall Proportion (%)

Lowerranked but notable skills include Writing, Basic Customer Service, and
Procurement, highlighting the importance of communication, client interaction, and supply chain
management. Though less prevalent, specialized skills such as UI/UX Design aatl Sign
Processing demonstrate their relevance in-oeetered innovation and advanced system
optimization. This distribution illustrates the multidisciplinary nature of electrical engineering,
balancing technical proficiency, managerial competencies, andorsimgp skills critical for
modern industry demands. In the next section, | will examine how these skill proportions have
evolved over time, offering insights into shifting trends and future directions in the field.

Figure 4.19 showsrdm 2012 t02022 thattrends in skill proportions across three
categories Engineering, Administration, and Architecture afbnstruction, which reflect
evolving priorities in EE. Drafting and Engineering Design remain dominant in the Engineering
category, while skills such as Circuitry, Signal Processing, and Simulation show stable trends,
emphasizing sustained reliance on core technical compegenElectronic Hardware and
Engineering Software exhibit gradual growth, aligning with adements in hardware integration
and digital tool adoption. In Administration, Scheduling displays a steady upward trajectory,
highlighting the heightened demand for precise project coordination in complex EE workflows.
Within  Architecture and Constructipn Electrical Construction maintains prominence,
complemented by incremental growth in Estimating, underscoring the importance of infrastructure
planning and cost management in EE projects. Niche, specialized skills like Simulation and Signal
Processing reiforce their critical role in optimizing system performance and fostering innovation.
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Figure 4.19: Trend of Top 30 Skill (Engineering, Administration, Architecture and
Construction) 20162012
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Figure 4.20shows thatin the past decade, the trends in skill proportions across three
categories Business,Environment and finance have displayed the shifting demands of civil
engineering. In the business category, project management consistently dominates and has become
even more prevalent in job ads, reflecting its critical rol€khpositions. Other skills, such as
People Management and Quality Assurance and Control, maintain lower proportions but gradually
increase, indicating their growing importance in managing teams and ensuring quality standards.
In the Environment category, Emenmental Work displays fluctuating trends, with periods of
decline followed by recovery in recent years, reflecting its variable emphasis depending on
environmental and regulatory priorities. Budget Management shows a steady upward trajectory in
Finance, highlighting its increasing significance as cost control and financial plarimave
becomemore critical in managing larggcaleCE projects.
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Figure 4.20: Trend of EE Top 30 Skill (Business, Environment, and Information
Technology) 20162012
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Figure 4.21 presents thatofn 2012 to 2022, trends in skill proportions across three
categoriesBusiness, Finance, and Information Technology ifijch highlight shifting priorities
in EE. Additionally, Business category, Project Management and Business Process and Analysis
maintain consistent prominence, reflecting the ongoing need for organizational oversight and
strategic planning in EE roles. Within Finance, Budget Management remains a critical skill,
aligning with industry demands for financial accountability and resource optimization. In IT,
System Design and Implementation and Microsoft Officel Productivity Tools dominate,
emphasizing the integration of digital proficiency and softwehireen workflows. Technical skills
such as C and C++ and Software Development Principles show steady relevance, underscoring the
growing reliance on programng and IT infrastructure in modern EE applications. While less
prominent, specialized competencies like Technical Support highlight the importance of
troubleshooting and system maintenance. These trends illustrate the broadening scope of EE,
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where technical expertise intersects with business, finance, |anb address complex,
interdisciplinary challenges in the field.

Figure 4.21: Trend of EE Top 30 Skill (Maintenance Repair and Installation, Media and
Writing, Science and Research) 2032012
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Figure 4.22 shows thatrdm 2012 to 2022, skill trends across three categories
Maintenance, Repair, andstallation; Media and Writing; and Science and Reseihatreveal
evolving priorities in EE Additionally, Maintenance, Repair, and Installation, Basic Electrical
Systems and Equipment Repair and Maintenance maintain prominence, reflecting the enduring
demand for foundational technical expertise in system upkeep and troubleshooting. Schematic
Diagrams show grahl growth, aligning with the need for precise documentation and design
interpretation. In Media and Writing, the skill Writing remaimereasd overtime but in
proportion,showingits consistent role in technical communication and reporting. Within Science
and Research, Physics exhibits steady relevance, emphasizing its foundational importance in
advancing theoretical and applied EE innovations. While these categories represente@ishe a
compared to core engineering or IT skills.
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Figure 4.22: Trend of EE Top 30 Skill (Supply Chain and Logistics, Design, and Customer
and Client Support) 20162012
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Figure 4.23presentsthat fom 2012 to 2022, trends in skill proportions across three
categoriesSupply Chain and LogisticResign, and Customer and Client Suppahich reflect
nuanced shifts in electrical EBIso, Supply Chain andLogistics andProcurement maintains a
steady presence, with proportions ranging from 0.07% to 0.13%, emphasizing its consistent role
in resource management and operational efficiency. Within Design, User Interface and User
Experience (UlI/UX) Design shows gradual growtkjng from 0.05% tqgeak at0.11%. Basic
Customer Service remains stable in Customer and Client Support, hovering betweenr@07% a
0.12%.

Next, | analyzed the engineering family of skills, specifically. Figu&S 4utlines the
distribution of core EE skills based on their proportions. Drafting and Engineering Design are the
most prevalent skills, reflecting their foundational role in system design and technical execution.
Engineering Software, Circuitry, and Simudet are closely followed, underscoring their
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importance in digital tool utilization, system analysis, and modeling. Skills like Signal Processing,
Electronic Hardware, and Automation Engineering maintain significant representation, aligning
with industry demands for hardware integration, automagind,signal optimization.

Figure 4.23: Top EE Skills in Engineering Family Skill
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Though less dominant, specialized competencies such as Robotics, Automotive
Technologies, and Radio Frequency (RF) Engineering highlight niche yet critical areas driving
innovation in automation, transportation, and communication systems. While modest in
proportion, skills like HDLand Optical Engineering emphasize their relevance in advanced circuit
design and photonics. This distribution illustrates the multifaceted nature of EE, where core
technical expertise in design, software, and hardware coexistspécialized domains.

Figure 424 presents the trends in key skills in EE job postings over time (202Q).
Drafting and Engineering Design stands out as the most dominant skill, consistently increasing in
prevalence and surpassing 40% by 2022. This highlights its foundational impairiagystem
design and technical execution within EE roles. Engineering Software and Circuitry follow with
stable and significant proportions, reflecting the sustained demand for digital proficiency and
hardware development in engineering prtgec
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Figure 4.24: Top EE Skills in Engineering Family Skill Across Time (20162022)

Trend of Top Skills in 'Engineering’ Over the Years
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Note: Skills shown in gray have a maximum proportion of 1%bahuiv.

Moderately represented skills include Signal Processing, Electronic Hardware, and
Automation Engineering, which show steady trends, emphasizing their critical roles in system
analysis, hardware integration, and process automation. Skills such as Robaticaptive
Technologies, and Radio Frequency (RF) Engineering appear less frequently but show gradual
growth, indicating their continued relevance in specialized areas of EE. In contrast, niche skills
like HDL and Optical Engineering maintain lower proportions, pointing to their specialized
applications in specific technical domains. This distribution highlights the essential technical
competencies in EE, with a strong emphasis on design, software, and hgythetices. These
trends reflect the evolving priorities of the profession, shaped by technological advancements and
the demands observed in the job market over time.

Table 4.7 summarizes significant differences in EE skill proportions across educational
levels. Several skills show strong statistical variation, including Drafting and Engineering Design
(F (2, 36) = 206.25, p < 0.001), Circuitry (F(2, 36) = 71.75, p < 0.001), and Simulation (F(2, 36)
=173.97, p < 0.001). Other skills with significant differences include Engineering Management,
Signal Processing, Engineering Software, HDL, Engineering Peacti€lectronic Hardware,
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Automation Engineering, Imaging, Process Engineering, and Optical Engineering (all p < 0.05).
These findings indicate that many Hé&lated skills vary meaningfully by degree level, reflecting
differences in required technical specialization.

Table 4.17: ANOVA for EE and Engineering Skills Across Degree Levels

Skill F df p Significant
Automation Engineering 20.92 2,36 0 Yes
Automotive Technologies 1.53 2,36 0.231 No
Circuitry 71.75 2,36 0 Yes
Drafting and Engineering Design 206.25 2,36 0 Yes
Electronic Hardware 6.56 2, 36 0.004 Yes
Engineering Management 38.74 2,36 0 Yes
Engineering Practices 72.04 2,36 0 Yes
Engineering Software 56.67 2,36 0 Yes
Geotechnical Engineering 1.66 2,25 0.211 No
Hardware Description Languages 24.81 2,36 0 Yes
Imaging 17.41 2,36 0 Yes
Optical Engineering 5.16 2,34 0.011 Yes
Process Engineering 13.25 2,36 0 Yes
Radio Frequency (RF) 0.94 2,36 0.401 No
Radio Frequency Equipment 2.96 2,36 0.065 No
Roads and Drainage 1.19 1,20 0.288 No
Robotics 1.37 2,36 0.267 No
Signal Processing 86.89 2,36 0 Yes
Simulation 173.97 2,36 0 Yes
Surveying 1.89 2,34 0.167 No

However, some skills do not show statistically significant differences across degree levels,
as their pvalues exceed the 0.05 threshold. These include Automotive Technologies (F(2, 36) =
1.53, p = 0.231), Geotechnical Engineering (F(2, 25) = 1.66, p = 0.211), Radio Frequency (RF)
(F(2, 36) = 0.94, p = 0.401), Radio Frequency Equipment (F(2, 36) = 2.96, p = 0.065), Roads and
Drainage (F(1, 20) = 1.19, p = 0.288), Robotics (F(2, 36) = ».370.267), and Surveying (F(2,

34) = 1.89, p = 0.167). These results suggest that these skills are relatively consistent across all
degree levels. Further analysis using effect sizes may still reveal meaningful differences in
magnitude, helping to clarifywhich degree levels emphasize these skills most.
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Table4.18 Cohends Effect Sizes for EE and Engineerin
Skill Degree Pair Cohen's d| Effect Size| Larger Group

Automation Engineering Bachelor's vs Doctora| 1.984 Large Bachelor's Largel
Automation Engineering Bachelor's vs Master's 2.806 Large Bachelor's Largel
Automation Engineering Doctoral vs Master's 0.336 Medium Doctoral Larger
AutomotiveTechnologies Bachelor's vs Doctoral 0.587 Medium Doctoral Larger
Automotive Technologies Bachelor's vs Master's  0.657 Medium Master's Larger
Automotive Technologies Doctoral vs Master's 0.219 Medium Master's Larger
Circuitry Bachelor's vPoctoral 4.46 Large Doctoral Larger
Circuitry Bachelor's vs Master'y  4.76 Large Master's Larger
Circuitry Doctoral vs Master's 0.811 Large Doctoral Larger
Drafting and Engineering Design|Bachelor's vs Doctora| 7.451 Large Bachelor's Largel
Drafting and Engineering Design|Bachelor's vs Master's 5.769 Large Bachelor's Largel
Drafting and Engineering Design|Doctoral vs Master's 1.28 Large Master's Larger
Electronic Hardware Bachelor's vs Doctoral 1.34 Large Bachelor's Largel
Electronic Hardware Bachelor's vs Master'd 1.276 Large Bachelor's Largel
Electronic Hardware Doctoral vs Master's 0.261 Medium Master's Larger
Engineering Management Bachelor's vs Doctora| 3.13 Large Bachelor's Largel
Engineering Management Bachelor's vs Master'd 3.553 Large Bachelor's Largel
Engineering Management Doctoral vs Master's 0.808 Large Master's Larger
Engineering Practices Bachelor's vs Doctoral 4.515 Large Bachelor's Largel
Engineering Practices Bachelor's vs Master's  3.835 Large Bachelor's Largel
Engineering Practices Doctoral vs Master's 1.391 Large Master's Larger
Engineering Software Bachelor's vs Doctoral 4.201 Large Bachelor's Largel
Engineering Software Bachelor's vs Master's 2.497 Large Bachelor'd_arger
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Table 4.18: Continued

Engineering Software Doctoral vs Master's 1.667 Large Master's Larger
Geotechnical Engineering Bachelor's vs Doctora| 1.458 Large Doctoral Larger
Geotechnical Engineering Bachelor's vs Master's 0.4 Medium Master's Larger
Geotechnical Engineering Doctoral vs Master's 0.601 Medium Doctoral Larger
Hardware Description LanguagegBachelor's vs Doctoral 2.255 Large Doctoral Larger
Hardware Description LanguagegBachelor's vs Master's 3.221 Large Master's Larger
Hardware Description LanguagegDoctoral vs Master's 0.328 Medium Master's Larger
Imaging Bachelor's vs Doctoral 1.981 Large Doctoral Larger
Imaging Bachelor's vs Master'd 3.279 Large Master's Larger
Imaging Doctoral vs Master's 0.612 Medium | Doctoral Larger
Optical Engineering Bachelor's vs Doctoral 1.298 Large Bachelor's Largel
Optical Engineering Bachelor's vs Master's 0.749 Medium | Bachelor's Largel
Optical Engineering Doctoral vs Master's 0.582 Medium Master's Larger
Process Engineering Bachelor's vs Doctoral 1.754 Large Bachelor's Largel
Process Engineering Bachelor's vs Master's 1.796 Large Bachelor's Largel
Process Engineering Doctoral vs Master's 0.406 Medium Master's Larger
Radio Frequency (RF) Bachelor's vs Doctoral 0.249 Medium Doctoral Larger
Radio Frequency (RF) Bachelor's vs Master's  0.56 Medium Master's Larger
Radio Frequency (RF) Doctoral vs Master's 0.285 Medium Master's Larger
Radio Frequency Equipment Bachelor's vs Doctoral 0.787 Medium Doctoral Larger
Radio Frequency Equipment Bachelor's vs Master's 0.961 Large Master's Larger
Radio Frequency Equipment Doctoral vs Master's 0.229 Medium Master's Larger
Roads and Drainage Bachelor's vs Master's 0.473 Medium | Bachelor's Larget
Robotics Bachelor's vs Doctora| 0.22 Medium | Bachelor's Larget
Robotics Bachelor's vs Master's 0.933 Large Bachelor's Largel
Robotics Doctoral vs Master's 0.352 Medium | Doctoral Larger
Signal Processing Bachelor's vs Doctoral 5.345 Large Doctoral Larger
Signal Processing Bachelor's vs Master's 4.426 Large Master's Larger
Signal Processing Doctoral vs Master's 0.322 Medium Doctoral Larger
Simulation Bachelor's vs Doctoral 8.808 Large Doctoral Larger
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Table 4.18: Continued

Simulation Bachelor's vs Master's  5.65 Large Master's Larger
Simulation Doctoral vs Master's 0.492 Medium Doctoral Larger
Surveying Bachelor's vs Master's 0.953 Large Master's Larger
Surveying Bachelor's vs Doctoral 0.635 Medium Doctoral Larger
Surveying Master's vs Doctoral 0.008 Small Master's Larger

Cohenés d effect sizes fobachBElmMmkdbElr®sacron
doctoral) highlight substantial differences in skill proportions by educational level. For instance,

Drafting and Engineering Design shows a | arge
withbachel or 6s jobs having diogtmg ifs foandatidnal yole imi gher
entryl evel positions. Similarly, Engineering Man

Engineering Practices (Bachelordés vimcMaed oed&s:
level jobs again havingigher proportions, suggesting these skills are emphasized more at the
undergraduate level.

Conversely, several advanced technical skills show greater proportiona ;it er 6 s or

Doctoratl e v e | j obs. For exampl e, Simul ation (Bact
Processing (Bachelordés vs Doctoral: d = 5.345
in Doctoratlevel jobs, aligning with the technical érresearcloriented focus at that level.

Similarly, Circuitry (Bachelorodos vs Master o0s:

(Bachel ords vs Mast er drespromidently in pbs2e?uiripg adveneedl a p p
degrees.

However, not all skills follow this trend. For instance, Process Engineering shows a

medium effect (Doctor al wass t aedjoes rhaveg higlder = 0.
proportions, contrary to the initial i nterpre
0.612) and Surveying (Bachel or 6 4o-lavge diffdrancese r 0 s :

but vary in which degree levl has the higher demand. Some ski
vs Doctoral: d = 0.22) and Radio Frequency (RHpoct or a l vs Mamwoaly 6 s : d

small to medium differences, indicating relatively similar distributions across degree levels.

4.6.1 Electrical Engineering Technical Skills

Table4.19 highlights the technical skills required for EE jobs at different degree levels:
bacheloés, mastefs, anddoctoral. Skills like Excel, CAD, and AutoCAD are consistently in
demand across all levels, though the extent varies. For instance, Eruastisequiredat the
bachelor's level (41.36%) compared to master's (37.16%) and doctoral roles (37.97%). Advanced
skills such as MATLAB and Python are more prevalent in master's (24.72% and 11.65%,
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respectively) and doctoral roles (30.59% and 14.51%). On the other hand, skills like AutoCAD
(15.10%) and PLC (16.24%) are more common in bachdéw&d job advertisements.

Table 4.19: Technical Skill Proportions in EE Job Ads (20162022)

Skill Bachelorts (%) | Masterss (%) |Doctoral (%)
AutoCAD 15.10 3.85 1.41
C++ 7.63 15.03 18.42
CAD 36.03 32.64 34.55
CATIA 0.82 0.42 0.10
Civil 3D 0.14 0.02 0.00
Excel 41.36 37.16 37.97
FMEA 3.11 2.65 1.21
MATLAB 8.72 24.72 30.59
Microsoft Office 9.60 3.77 1.96
Microsoft Project 0.89 0.37 0.30
PLC 16.24 4.21 2.37
Python 5.32 11.65 1451
Revit 4.43 0.71 0.06
SCADA 5.06 1.69 0.56
SQL 2.40 1.47 0.95
SolidWorks 2.20 1.33 0.73

4.6.2 EE TechnicalSkill Trends (20102022)

This research section examines the trends in technical skills required in EE job Ads from
2010 to 2022. Over the past 12 years, the analysis focused on the total demand for technical skills
within the EEdiscipline Furthermore, the trends were evaluated separatelydohelofs,
masteds, anddoctoral degrees to provide a detailed understanding of skill requirements at each
educational level. In the upcoming plots, the technical skills presented indl a8igeredivided
into two groups, with eight skills in each group. This division was made to enhance visualization
and ensure that the skill trend lines do not overlap, allowing for a clearer interpretation of the data.
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Figure 4.25: Trends in Technical Skills Over Time in EE Job Ads (Group 1)

Skill Proportions Over Time (All Degrees - Group 1)
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Figure 425 shows the trends in the proportions of selected technical skills required in EE
job ads over time, combining data for all degree levied€{elots, masteds, anddoctoral). It
highlights how specific skills, such as Excel and CAD, consistently dominate the demand across
the years, with Excel maintaining the highest proportion. Other skills like AutoCAD and
MATLAB show steady but lower trends, indicating their spixgal nature in EE roles.
Meanwhile, skills such as FMEA, C++, and CATIA remain less pestahroughout the period.
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Figure 4.26: Trends in Technical Skills Over Time in EE Job Ads (Group 2)

Skill Proportions Over Time (All Degrees - Group 2)
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Figure4.26 showsthe trends in the proportions of selected technical skills required in EE
job ads over time, covering all degree leveischelod ,snasteds, anddoctoral). Skills like PLC
and Microsoft Office consistently show high demand, with PLC having the highest proportion
throughout the years. In contrast, skills such as Python and SQL have steadily grown, increasing
their importance in programming and dagdated tasks. Meanwhile, skills like Microsoft Project,

SolidWorks, and SCADA remain lessmmon, reflecting more specialized or niche applications
in EE roles.
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Figure 4.27: Trends in Technical Skills Over Time in EE Job Ads (Bachelais - Group 1)

Figure Trends in Technical Skill Over Time in Job Advertisements (Bachelor's - Group 1)

Skills by Degree

—e— AutoCAD (Bachelor's)
C++ (Bachelor's)
40 4 —8— CAD (Bachelor's)
—8— CATIA (Bachelor's)
—&— Civil 3D (Bachelor's)
—e— Excel (Bachelor's)

FMEA (Bachelor's)
—8— MATLAB (Bachelor's)

30+

20+

Proportion of Jobs (%)

’___.h_:‘\i b4 b 4 b4 - — — —y————————— @

0+ L * > > & * : 2

T T T T T T T
2010 2012 2014 2016 2018 2020 2022
Year

Note: the yaxes of the plots need to be taken into consideration when interpreting changes across plots

Figure 4.7 displays the trends in the proportions of selected technical skills required in
EE job advertisements for bacheldesel positions from 2010 to 2022. Skills like Excel and CAD
consistently show high demand, with Excel maintaining the highest propthtiomghout the
years. AutoCAD also shows steady demand, reflecting its importance in-tdelsitgd roles. In
contrast, skills such as MATLAB, C++, and FMEA have lower proportions, indicating more
specialized applications in specific EE tasks. Skills {I&TIA and Civil 3D remain the least
prevalent, suggesting limited demand in bachelevsl job postings.

96



Figure 4.28 Trends in Technical Skills Over Time in EE Job Ads (Bachelais - Group 2)

Figure Trends in Technical Skill Over Time in CE Job Advertisements (Bachelor's - Group 2)
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Figure 4.8 shows the trends in the proportions of selected technical skills required in EE
job advertisements for bachelelésel positions from 2010 to 2022. Skills like PLC and Microsoft
Office consistently show high demand, with PLC maintaining the highest gimpthroughout
the years. Python and Revit have shown significant growth, reflecting the increasing importance
of programming and design tools in EE roles. In contrast, skills such as Microsoft Project, SCADA,
and SQL have lower but steady dmmd, indicating specialized applications. SolidWorks also
shows a gradual upward trend, suggesting a growing relevance in specific technical areas
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Figure 4.29: Trends in Technical Skills Over Time in EE Job Ads (Mastets - Group 1)

Figure Trends in Technical Skill Over Time in Job Advertisements (Master's - Group 1)
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Figure 4.® shows the trends in the proportions of selected technical skills required in EE
job advertisements for mastelevel positions from 2010 to 2022. Skills like Excel and CAD
consistently show high demand, with Excel maintaining the highest proportiorgtionguthe
years. MATLAB also demonstrates a strong presence, reflecting its importance in advanced
analytical and simulation tasks for mastég\el roles. In contrast, skills such as AutoCAD, C++,
and FMEA have lower proportions, indicating more spexzalior niche applications. Skills like

CATI A and Civil 3D remain the | east -lgvalleEv al en't
job postings.
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Figure 4.30: Trends in Technical SkillsOver Time in EE Job Ads (Masteiis - Group 2)

Figure Trends in Technical Skill Over Time in Job Advertisements (Master's - Group 2)
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Figure 430 shows the trends in the proportions of selected technical skills required in EE
job advertisements for mastelevel positions from 2010 to 2022. Python shows a significant
upward trend, reaching the highest proportion by 2022, reflecting its growingrtanpe in
programming and data analysis for advanced EE roles. Skills like PLC and Microsoft Office have
maintained steady demand throughout the years, indicating their consistent relevance in
engineering tasks. In contrast, skills like Microsoft Projs@ADA, SQL, and SolidWorks show
lower but stable proportions, suggesting specialized applications within specific EE domains.
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Figure 4.31: Trends in Technical Skills Over Time in EE Job Ads (Doctoral Group 1)

Figure Trends in Technical Skill Over Time in Job Advertisements (Doctoral - Group 1)
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Figure 431 displays the trends in the proportions of selected technical skills required in
EE job advertisements for doctotalel positions from 2010 to 2022. Skills like Excel,
MATLAB, and CAD consistently show high demand. Excel and MATLAB maintain the highest
proportions throughout the years, reflecting their importance in data analysis, modeling, and design
tasks for advanced research roles. C++ also demonstrates a notable upward trend, indicating its
relevance in programminAgtensive positions. In contrastkiés such as AutoCAD, FMEA,

CATIA, and Civil 3D have lower proportions, suggesting more specialized applications within
specific EE domains at the doctoral level.
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Figure 4.32 Trends in Technical Skills Over Time in EE Job Ads (Doctoral Group 2)

Figure Trends in Technical Skill Over Time in Job Advertisements (Doctoral - Group 2)
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Figure 432 shows the trends in the proportions of selected technical skills required in EE
job advertisements for doctofi@vel positions from 2010 to 2022. Python exhibits a significant
upward trend, reaching the highest proportion by 2022, reflecting its gramipgrtance in
programming, data analysis, and research applications. Skills like PLC and Microsoft Office
maintain steady demand, indicating their consistent relevance in engineering and administrative
tasks. In contrast, skills such as Microsoft Prof@&@ADA, SQL, and SolidWorks show lower but

stable proportions, suggesting specialized applications within specific EE domains at the doctoral
level.

101



4.6.3 Summary of EE Job Posting Analysis

This section examined the distribution of EE degrees and skill demandslambsko s,
masteds, anddoctoral levels from 2010 to 2022. Jobs requirinlg a ¢ h edegreeddrsinate,
accounting for 95.22% of the 949,648 degrees awarded, compared to 3.76% fort and 6 s
0.99% for Doctoral degrees. The top 30 EE skills highlight the dominance of Drafting and
Engineering Design, Basic Electrical Systems, Project Management, and Engineering Software,
key for technical execution and oversight. Other notdblis ssuch as Microsoft Office, Electrical
Construction, and Equipment Maintenance, reflect the need for digital tools and technical
expertise. Less common skills included Writing, Customer Service, and Procurement emphasize
communication and supply chaimanagement.

Skill demands vary across educational levels. For deusi roles,b a ¢ h edegreesd s
focus on technical skills like Drafting, Engineering Software, and Rll&stefs degrees blend
technical knowledge with managerial skills like Project Management and advanced tools such as
MATLAB and Python. Doctoral degrees prioritize specialized, resedniglkn skills, including
Process Engineering, HDL, and Signal Processingn2@10 to 2022, skills like Python, Project
Management, and MATLAB have grown, reflectitige rise of digital transformation, data
analysis, and advanced design technologies in EE.

The analysis of technical skills in EE from 2010 to 2022 highlights essential trends across
degree levels. Foundational skills like Excel, CAD, and AutoCAD remain crucial at all levels, with
the highest demand at thea ¢ h eldval. Mé@steds-level roles balance technical expertise with
leadership, relying more on advanced tools like MATLAB, Python, and Revit. Doctoral roles
emphasizepecialized and researdniven skills, with tools like Signal Processing, HDL, and SQL
gaining importance for advanced analysis and design tasks. Over time, demand for digital tools
like Python and MATLAB and managerial skills like Project Managemenhbesased, reflecting
the growing influence of technology and project complexity in EE.
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4.7 Examining Mechanical Engineering Skills by Proportion and Trends

Table 4.20 shows that job advertisements requiring a minimum bfac h edegoeesd s
dominate the ME education job advertisement database, accounting for 662,121 (94.89%) of the
697,810 degrees recorded. Jobs requiring at minim@ars t degre@scomprise 26,822 (3.84%),
and jobs requiring Doctoral degrees represent a minor proportion at 8,867 (1.27%).

Table 4.20: ME Degree Distribution

ME Degrees Degree (N) Percentage
Bacheloés 662121 94.89%
Masters 26822 3.84%
Doctoral 8867 1.27%
Total 697810 100.00%

Figure 433 highlights the top 30 skills iME based on their overall proportions across
various skill families. Drafting and Engineering Design stands out as the most prevalent skill,
followed closely by Project Management and Engineering Practices, underscoring their
foundational roles IiME projects. Skills such as Microsoft Office, Productivity Tools, and Product
Development rank highly, emphasizing the importance of digital tools and manufacturing
expertise. Budget Management and Scheduling are also promin&ttimgfthe growing need
for financial planning and efficient project coordination.
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Figure 4.33. ME Top 30 Skill by Overall Proportions

Mechanical Engineering Top 30 Skills by Overall Proportion (with Skill Family)
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Lowerranked but notable skills include Writing, Basic Customer Service, and
Procurement, which highlight the importance of communication, client relations, and supply chain
management IME practices. Although less represented, specialized skills such as Simulation,
Industrial Engineering, and Physics demonstrate their relevance in specific contexts like system
modeling, process optimization, and scientific analysis. This distribution shesvohe
multidisciplinary nature of mechanical engineering, batamdechnical expertise, managerial
competencies, and supporting skills essential for success in modern engineering environments.

In the next section, | will examine how these skills have evolved from 2010 to 2022,
revealing trends and shifts ME priorities and practices.
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Figure 4.34: Trend of ME Top 30 Skill (Engineering, Administration, Architecture and
Construction) 20162012
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Figure 4.34 shows thatdm 2010 to 2022, the trends in skill proportions across three
categories Engineering, Administration, and Architecture a@dnstruction,which reflect the
evolving priorities in ME. Drafting and Engineering Design dominate the engineering category,
with other skills like Engineering Management, Engineering Practices, and Engineering Software
showing stable trends. Simulation gradually increabeéghlighting its growing relevance in
advanced system analysis. In Administration, 8aheg shows an upward trend, emphasizing the
increasing importance of project planning and coordination in ME projects. In architecture and
construction, estimation maintains steady growth, indicating its importance in cost management
and project planningrithin ME.
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Figure 4.35: Trend of ME Top 30 Skill (Business, Environment, and Information
Technology) 20162012
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Figure 4.3%displaysthat from 2010 to 2022, the trends in skill proportions across three
categoriesBusiness, Finance, and Informati®achnology which reflect the shifting priorities
more jobs requiring greatskills and the increased requirements from employers in job ads for
ME. In the business category, project management remains dominant, with business process and
analysis showing steady growth and emphasizing the importance of strategic planning and process
optimization. Quality Assurance and Control demonstrates gradual growth, highlighting its
increasing relevance in maintaining engineering standards. Budget Management shows an upward
trend in Finance, reflecting the growing need for financial oversight androesallocation in ME
projects. In Information Technology, Microsoft Office and Productivity Tools consistently
maintain high demand, while System Design and Implementation exhibit steady growth,
underscoring the integration of digital tools in engineevigkflows. Technical Support shows
moderate growth, indicating its importance in maintaining operational efficiency in ME.
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Figure 4.36: Trend ME of Top 30 Skill (Maintenance Repair and Installation, Media and
Writing, Science and Research) 2032012
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Figure 4.36 showsdm 2010 td®2022the trends in skill proportions across three categories
Maintenance, Repair, and Installatidiedia and Writing; and Science and Reseaatiich
reflects that jobs are requiring these skills in ME. In Maintenance, Repair, and Installation,
Equipment Repair and Maintenance and HVAC maintain strong demand. HVAC shows gradual
growth, highlighting the need for technical expertise in system operatumabing also shows
slight growth, indicating its role in specialized maintenance tasks. In Media and \Whitong
displays a steady upward trend, emphasizing the growing importance of technical communication
and documentation in ME projects. In Science and Research, Physics shows consistent growth,
reflecting its foundational role in engineering principlegile Chemistry maintains moderate
demand, supporting materials science and preedated applications in ME.

107



Figure 4.37: Trend of ME Top 30 Skill (Supply Chain and Logistics, Design, and Customer
and Client Support) 20162012
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Figure 4.37 presents thabf 2010 to 2022, the trends in skill proportions across three
categoriesSupply Chain andLogistics, Design, and Customer and Client Suppith reflect
evolving priorities inME. In Supply Chain and Logistics, Procurement shows a steady upward
trend, highlighting its growing importance in resource management and operational efficiency.
Industrial design exhibits slight fluctuations with a gradual decline in recent years, suggesti
shifts in design priorities within ME projects. Basic Customer Service shows consistent growth in
Customer and Client Support, emphasizing the increasing neetfdotive communication and
client interaction in engineering environments.

Figure 4.8 presents the top engineering skillsMiE by proportion within the engineering
skill family, specifically. Drafting and Engineering Design stands out as the most dominant skill,
followed by Engineering Practices, Engineering Software, and Engineering Management. This
reflects their critical impodance inME projects and workflows. Moderately represented skills
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include Simulation, Process Engineering, and Robotics, highlighting their roles in system
modeling and automation. In contrast, skills such as Optical Engineering, Radio Frequency
Equipment, and Hardware Description Languages appear less frequentlytingdilair more
specialized applications within mechanical engineering. This distribution highlights the essential
technical competencies within mechanical engineering, emphasizing design, software, and
practical engineering practices fundamental to tleéegsion.

Figure 4.38 Top ME Skills in Engineering Family Skill
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Figure 4.39: Top ME Skills in Engineering Family Skill Across Time (20162022)

Note: Skills shown in gray have a maximum proportion of 1% and below.

Figure4.39 presentghe trends in engineering skills ME job postings over time (2010
2022). Drafting and Engineering Design stands out as the most dominant skill, consistently
increasing in prevalence and surpassing 70% by 2022. This highlights its foundational importance
in the field. Engineering Software follows with a stable proportion, rigfigthe ongoing demand
for technological proficiency in engineering projects.

Skills include Engineering Practices, Engineering Management, and Simulation, which
show steady trends, emphasizing their critical roles in system design, project execution, and
performance analysis. In contrast, skills such as Optical Engineering, RagieeRcy Equipment,
and Hardware Description Languages appear less frequently, pointing to their specialized
applications within mechanical engineering. This distribution highlights the essential technical
competencies in mechanical engineering, stroeghphasizing design, software, and practical
engineering practices. These trends reflect the priorities of the profession, shaped by technological
advancements and the demands of modern engineering projects.

Results presented in Tab®21 provide an overview of the differences in ME and
proportional frequency of engineering skills across various degree |baelse(ofs, masteds,
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