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AI Technician Workforce Demand and Community College Curriculum Development: A 

Systematic Mixed-Methods Analysis of Maryland’s Eastern Shore 

Abstract 

Background. Manufacturing and engineering sectors rapidly integrating artificial intelligence 

technologies face critical shortages of qualified technicians, with forty percent of manufacturing 

competency requirements projected to change within five years. Systematic analysis of regional 

workforce needs and educational responses remains limited, particularly for rural and semi-rural 

regions positioned to benefit from AI-driven economic development. 

Purpose. Grounded in Human Capital Theory, Regional Innovation Systems Theory, and 

Skills-Based Technological Change Theory, this study examines workforce demand and 

associated competency requirements for AI-skilled technicians across national, state, and regional 

levels, with primary focus on Maryland’s Eastern Shore, to identify implications for community 

college curriculum development. 

Method. We employ a convergent mixed-methods secondary analysis synthesizing 32 high-

quality sources through systematic content analysis and quantitative comparison. Sources 

underwent quality assessment using a six-dimension framework (18-point scale, 66.7 percent 

inclusion threshold), achieving a 91.4 percent inclusion rate and 94 percent inter-rater agreement. 

Analysis applied structured coding across eight a priori themes, multi-source triangulation across 

four source types, and geographic-level comparisons. 

Results. Findings indicate substantial and growing demand for AI-skilled technicians 

nationally, with 87.5 percent source convergence documenting 1.9 to 3.8 million unfilled 

manufacturing positions by 2033. The Baltimore-Washington capital region is the nation’s second-

largest AI jobs hub, trailing only California. Eastern Shore documentation shows active Industry 

4.0 investments and growing employer-education coordination. Three-quarters of sources identify 

community colleges as primary pathways, with technical competency convergence around 

machine learning (23 sources), data analysis (21 sources), and AI programming (19 sources). 

Conclusions. Evidence supports investment in AI technician education on Maryland’s Eastern 

Shore through modular credential pathways, deep industry partnerships, and sustained faculty 

development. The systematic multi-source analysis approach offers a replicable model for regional 

workforce assessment in emerging technology fields. 

Keywords: AI technician education; community college curriculum; workforce demand analysis; 

mixed-methods secondary analysis; regional workforce development; Maryland’s Eastern Shore. 

 



1. Introduction 

Artificial intelligence is reshaping manufacturing and engineering work at a pace that outstrips 

educational response. Industry projections indicate up to 3.8 million unfilled manufacturing 

positions by 2033, and roughly forty percent of manufacturing competency requirements are 

expected to change within the next five years [1-2]. The transformation extends beyond 

mechanical skill into analytics, programming, simulation, and design [3], with specific talent gaps 

emerging in data science, natural language processing, and automation technologies [4]. For 

community college leaders, who educate 52 percent of the STEM workforce without bachelor’s 

degrees [5], two questions now compete for attention: how large is the demand, and what should 

graduates actually know how to do? 

Both questions are especially difficult to answer at the regional level. Rural and semi-rural 

regions stand to benefit meaningfully from AI-driven growth, yet face well-documented 

constraints in developing responsive educational programs: limited employer density, dispersed 

commuting sheds, competition with metropolitan areas for talent and faculty, and thin institutional 

capacity for equipment-intensive curricula [6-10]. These constraints matter for AI technician 

education specifically because AI-enabled production systems require capital investment that 

clusters geographically, and because skill requirements emerge faster than curriculum cycles can 

absorb. Without systematic regional evidence, community college leaders must commit scarce 

resources to programs whose shape and scale are uncertain. 

Existing guidance is thin. National projections describe demand at an aggregate level that 

obscures regional variation. Industry white papers describe competency needs in ways tailored to 

single employers or sectors. Peer-reviewed engineering education scholarship examines 

curriculum design without systematic integration of labor market evidence, despite the observation 

that engineering education has remained largely unchanged since 1955 [3]. The practical result is 

that institutional leaders navigate rapid technological change with limited evidence about what to 

build, where, and why. 

This study addresses that gap through systematic analysis of AI technician workforce demand 

and associated competency requirements, with primary focus on Maryland’s Eastern Shore. The 

Eastern Shore offers a useful analytical case because it shares characteristics with many rural 

regions positioned to benefit from advanced manufacturing investment: established manufacturing 

heritage, proximity to a metropolitan AI jobs hub, rural geography, and active state policy 

engagement. Three research questions guide the investigation: 

• RQ1: What evidence exists across multiple data sources regarding AI technician 

workforce demand and associated competency requirements, from national to regional 

levels? 

• RQ2: How do Maryland’s Eastern Shore workforce needs compare to broader national 

and state patterns? 



• RQ3: What specific curriculum development implications emerge for community college 

leadership? 

Rather than relying on single data sources that may miss crucial patterns, the study synthesizes 

federal employment projections, industry research, peer-reviewed academic studies, and regional 

economic development documentation. Multi-source triangulation provides enhanced reliability 

compared with single-source analyses while keeping focus on actionable implications for 

educational practice [11-12]. The study contributes a replicable method for regional workforce 

assessment in emerging technology fields alongside immediate practical guidance for community 

college curriculum development and regional workforce planning. 

2. Literature Review 

2.1 AI Workforce Development Context 

The integration of artificial intelligence into manufacturing represents what scholars describe 

as a fundamental restructuring of work rather than simple automation of existing tasks [13-14]. 

Unlike earlier technological transitions where machines replaced human labor on routine tasks, AI 

systems increasingly complement human workers in complex decision-making [15-16]. The 

resulting demand is for workers who combine domain-specific technical skills with the ability to 

collaborate effectively with intelligent systems [14]. Recent empirical analyses of AI-related job 

postings identify Python programming, machine learning, and data analysis as the most frequent 

competency requirements across sectors [4], [17], a pattern we revisit in the Findings. 

Federal agencies have recognized this transformation through targeted policy investment. The 

National Science Foundation’s Advanced Technological Education program prioritizes 

community college development of emerging technology curricula [18], and recent federal 

investment of $2.8 million targets AI education at two-year institutions [19]. These investments 

reflect a growing recognition that community colleges serve as critical infrastructure for workforce 

development, educating more than half of all STEM technicians nationally [5]. 

2.2 Community Colleges, Regional Coordination, and the AI Technician Challenge 

Community colleges occupy a distinctive position in workforce development, offering 

accessible pathways to technical careers while maintaining close relationships with regional 

employers [20-21]. Their historical strength lies in responsive curriculum development, with 

average program revision cycles of eighteen to twenty-four months compared with four to seven 

years at four-year institutions [22]. That agility is particularly valuable for AI-enabled 

manufacturing, where competency requirements evolve on short timescales. 

Developing AI-related programs is difficult, however. Faculty expertise often lags 

technological advancement [23]. Industry partnerships require careful cultivation [24]. Equipment 

costs for advanced manufacturing exceed traditional program budgets [25]. These constraints are 



acute in rural regions where employer density limits partnership opportunities and resource 

pooling [9]. 

Regional planning challenges are not peripheral to AI technician demand; they shape the 

conditions under which demand can be met. Effective workforce development requires 

coordination across educational institutions, employers, economic development agencies, and 

government entities [26]. In rural regions, geographic dispersion, limited institutional capacity, 

and metropolitan pull on talent complicate collaborative effort [7], [10]. For AI technician 

education specifically, coordination problems compound: capital-intensive equipment is most 

efficiently shared across institutions, faculty with industry experience are scarce, and stackable 

credentials need regional articulation agreements to function. In other words, the same 

coordination challenges that constrain rural workforce development generally constrain AI 

technician education in particular, and doing so more sharply because of AI-specific infrastructure 

and expertise requirements. 

Maryland’s Eastern Shore exemplifies this dynamic. Its manufacturing base includes 

electronics assembly, precision machining, aerospace and defense subcontracting, and food 

processing operations, all increasingly adopting automation technologies [27-28]. Regional 

community colleges must serve employers across a broad geographic area while competing with 

Baltimore and Washington metropolitan regions for both students and faculty talent. These 

characteristics make the region an informative case for examining how evidence can inform 

educational practice. 

3. Conceptual Framework 

Three complementary theoretical frameworks address the multi-level nature of AI technician 

workforce development. Together, they offer analytical purchase at individual, regional, and task 

levels while maintaining coherence across levels. 

Human Capital Theory [29] provides foundation for understanding individual-level investment 

in technical skills. The theory holds that education and training investments yield returns through 

enhanced productivity and earnings. For AI technician education, the framework helps identify 

specific competencies likely to generate returns for both workers and employers, while 

acknowledging that rapidly changing skill requirements complicate traditional human capital 

calculations [30]. 

Regional Innovation Systems Theory [31] addresses the institutional and geographic context 

of workforce development. Innovation and economic development emerge from interactions 

among firms, educational institutions, and supporting organizations within defined geographic 

areas. For community colleges, the framework highlights the importance of deep employer 

partnerships and regional coordination rather than isolated institutional effort. 



Skills-Based Technological Change Theory [32] explains how technological advancement 

reshapes occupational skill requirements. Rather than simply automating existing tasks, AI 

technologies create new task configurations that require different combinations of human and 

machine capabilities. This framework guides the analysis of specific competency requirements and 

their evolution over time. 

 

 

 

 

 

 

 

 

 

 

Figure 1. Integrated conceptual framework for AI technician workforce development. 

Each research question aligns with one lens and one level of analysis, and each lens constrains 

what the corresponding findings can and cannot show. RQ1 examines convergent evidence on 

workforce demand and competency requirements, the central concerns of Skills-Based 

Technological Change Theory at the task level; findings are interpreted as signals about how AI is 

reconfiguring occupational tasks rather than as predictions of aggregate employment. RQ2 

compares regional patterns to broader state and national patterns, the domain of Regional 

Innovation Systems Theory at the regional level; findings are interpreted as evidence about 

whether regional institutional conditions enable or impede AI workforce development. RQ3 

addresses curriculum development implications, the domain of Human Capital Theory at the 

individual level; findings are interpreted as guidance for investments whose returns depend on 

credential design, delivery mode, and labor market demand. The three lenses do not substitute for 

one another. An answer at the task level does not automatically translate to a regional strategy, and 

an answer at the regional level does not automatically translate to an individual curriculum 

decision. Framing the analysis this way preserves the distinct logics of each level while enabling 

their integration. 



4. Positionality Statement 

This research is shaped by our specific analytical perspectives. The research team brings direct 

experience in community college education, engineering technology program development, and 

regional workforce planning. Engagement with the Advanced Technological Education 

community has informed our understanding of the opportunities and constraints facing two-year 

institutions in emerging technology fields. 

Our focus on Maryland’s Eastern Shore reflects analytical opportunity and practical interest. 

The region’s rural nature, manufacturing heritage, and proximity to major metropolitan areas align 

with the research questions while enabling collaboration with regional stakeholders. We approach 

the region not as detached observers but as researchers invested in how evidence can inform 

educational practice in regions often overlooked by national workforce analyses. 

Our theoretical orientation toward multi-source analysis reflects epistemological commitments 

to triangulation and methodological rigor. Single-source analyses, while valuable, can miss 

patterns that become evident only through systematic comparison. This orientation shapes the 

methods and influences the interpretation of findings. 

5. Methodology 

5.1 Research Design 

The study uses a convergent mixed-methods secondary analysis design [33], synthesizing 

existing data sources to address the research questions. Secondary analysis offers particular 

advantages for workforce research, enabling systematic comparison across sources while 

maintaining feasibility within resource constraints [34]. The design integrates qualitative content 

analysis of textual sources with quantitative comparison of employment projections and economic 

indicators. 

5.2 Data Collection 

Data collection proceeded in four phases: (1) systematic identification of potential sources 

through database searches and reference chaining; (2) preliminary screening against inclusion 

criteria; (3) quality assessment using the six-dimension framework described below; and (4) full-

text analysis of sources meeting quality thresholds. 

Searches covered academic databases (ERIC, ProQuest, Google Scholar), government 

repositories (BLS, NSF, Census), and industry sources (Deloitte, McKinsey, trade associations) 

using terms combining AI/artificial intelligence, workforce/employment, technician/technical, 

manufacturing/engineering, and community college/two-year. Initial searches yielded 47 

potentially relevant sources. After applying inclusion criteria requiring substantive workforce data, 

methodological transparency, and publication within five years, 35 sources proceeded to quality 

assessment. Of those, 32 met the quality threshold (91.4 percent inclusion rate). The final corpus 



comprises federal government reports (n=8), state government and economic development 

documents (n=6), industry research reports (n=9), and peer-reviewed academic studies (n=9). 

5.3 Quality Assessment Framework and Rationale 

We developed a six-dimension quality assessment framework to accommodate the 

heterogeneity of our corpus, which spans peer-reviewed studies, federal reports, state and regional 

economic development documents, and industry white papers. Each dimension is scored from 0 

(not addressed) to 3 (comprehensively addressed), yielding a maximum of 18 points. We set a 66.7 

percent threshold (12 points) for inclusion, balancing analytical rigor with practical inclusion of 

valuable sources that excel on some dimensions while showing limitations on others. Two 

researchers independently assessed each source, achieving 94 percent initial agreement; 

disagreements were resolved through discussion, with a third researcher consulted for persistent 

discrepancies. 

We considered established instruments including the Mixed Methods Appraisal Tool (MMAT) 

and the Critical Appraisal Skills Programme (CASP) checklists but chose not to adopt them. Both 

are designed to evaluate primary empirical studies, relying on criteria such as sampling strategy, 

measurement validity, and analytic rigor within a single study design. Applied to a heterogeneous 

corpus that includes government projections, industry white papers, and regional economic 

development documents, they produce large proportions of unscorable items because those sources 

do not report the required methodological detail. Our framework draws instead on two traditions 

better suited to heterogeneous secondary analysis: Gough’s Weight-of-Evidence approach [35], 

which evaluates sources on their fitness for the specific review question rather than on a uniform 

methodological template, and AACODS criteria for grey literature [36], which weigh authority, 

accuracy, coverage, objectivity, date, and significance. Our six dimensions operationalize those 

principles for the specific context of regional AI workforce evidence. We do not claim the 

framework supersedes MMAT or CASP for primary-study reviews; we claim it is better aligned 

with the structure of this review’s corpus. 

Table 1 presents the framework dimensions and scoring criteria. 

Table 1. Quality assessment framework with six dimensions and 0–3 scoring scale. 

Dimension 0 (Poor) 1 (Fair) 2 (Good) 3 (Excellent) 

Methodological 

Rigor 

No method 

described 

Basic description Clear 

methodology 

Detailed, 

replicable 

Data Recency Pre-2020 2020–2021 2022–2023 2024–2025 

Geographic 

Relevance 

No regional data National only State-level Eastern Shore 

specific 



Dimension 0 (Poor) 1 (Fair) 2 (Good) 3 (Excellent) 

Sample Size / 

Scope 

Limited or 

unclear 

Moderate scope Comprehensive Large-scale, 

representative 

Author 

Credibility 

Unknown source Industry source Academic or 

government 

Peer-reviewed or 

federal 

Data 

Transparency 

No data access Summary only Partial data Full data 

available 

Note. Each dimension scored 0–3 points; maximum total = 18 points; inclusion threshold = 12 points (66.7 

percent). 

5.4 Analytical Approach 

Qualitative analysis applied a two-cycle coding approach [37]. In Cycle 1, descriptive coding 

applied eight a priori themes to each source. These themes were derived from the research 

questions and conceptual framework before data analysis began, not from the sources themselves. 

The themes were: national workforce demand (WD-NAT), regional workforce demand (WD-

REG), technical competencies (SK-TECH), soft or common employability skills (SK-SOFT), 

community college education (ED-CC), curriculum development (ED-CURR), industry 

partnerships (IND-PART), and economic impact (ECON-IMP). Each theme has an operational 

definition and example indicators in a codebook. Cycle 1 therefore answers a descriptive question: 

to what extent does each source address each theme. In Cycle 2, pattern coding [37] moved to an 

inductive logic. Sub-themes emerged from within-theme patterns observed across sources, with 

particular attention to convergence and divergence across source types and geographic levels. Two 

to four sub-themes typically emerged within each primary theme. Figure 2 shows the process and 

its outputs. 

Quantitative analysis operationalized three types of variables at the source level. First, for each 

source, each of the eight primary themes was coded as addressed (1) or not addressed (0), yielding 

a 32 by 8 source-theme matrix used to compute theme frequency (percentage of sources addressing 

each theme). Second, for each technical competency mentioned in at least one source, we counted 

the number of sources mentioning it, producing the competency frequency distribution visualized 

in Figure 3. Third, where sources reported numerical projections (shortfall magnitudes, growth 

rates, AI intensity figures), we extracted the reported values and their source types, and compared 

them using descriptive statistics (range, median, modal interval) and convergence metrics. 

Convergence defined a priori as agreement across 75 percent or more of the sources addressing a 

given indicator, following common thresholds in systematic reviews [33-34, 37]. The analysis did 

not attempt inferential statistics, which would require assumptions about representative sampling 

that are not appropriate for a purposive corpus. Quantitative and qualitative results were compared 

at the interpretation stage under a convergent mixed-methods logic [33], with points of agreement 

and disagreement between the two strands reported rather than averaged. 



 

 

 

 

 

 

 

 

 

 

Figure 2. Qualitative content analysis process showing two-cycle coding approach. 

6. Findings 

6.1 National Workforce Demand (RQ1) 

National-level analysis reveals substantial and growing demand for AI-skilled technicians, 

with notable convergence across diverse source types. Among the 24 sources addressing national 

workforce patterns, 87.5 percent (21 sources) document significant current shortages and projected 

growth in AI-related technical occupations. 

Quantitative projections converge around several key findings. Manufacturing sectors face 

projected shortfalls of 1.9 to 3.8 million positions requiring AI competencies by 2033 [1-2]. 

Engineering technician occupations show projected growth rates 11 to 25 percent faster than 

average employment, with the Bureau of Labor Statistics specifically noting AI-driven demand 

expansion [38]. Industry surveys indicate that 89 percent of manufacturing executives report 

difficulty filling technical positions requiring AI-adjacent skills [2]. 

The nature of demand aligns with the theoretical framework’s emphasis on task 

reconfiguration rather than simple job creation. Sources consistently describe emerging roles that 

combine traditional technical functions with AI system oversight, data interpretation, and human-

machine collaboration [3-4], [16]. This pattern matches the Skills-Based Technological Change 

prediction that technological advancement reshapes occupational boundaries rather than simply 

adding new occupations [32]. 

 



6.2 Maryland State-Level Patterns 

Maryland sits within a favorable context for AI technician workforce development, though 

care is needed in interpreting state-level positioning. The University of Maryland and LinkUp AI 

Maps project, using natural language inference over 100 percent of U.S. career-page job postings, 

identifies the Baltimore-Washington capital region as the second-largest hub for AI-skilled job 

creation nationally, trailing only California [39]. By AI intensity (AI jobs as a share of all postings), 

the District of Columbia ranks first, Virginia second, and Maryland seventh [39]. This positioning 

reflects the concentration of federal agencies with significant AI investment, defense and 

aerospace contractors, and major research universities that generate both workforce supply and 

industry partnerships. 

State policy initiatives, including the Manufacturing 4.0 program, provide infrastructure 

support for Industry 4.0 adoption at manufacturers across the state [40]. State-level aggregates, 

however, mask significant regional variation. The concentration of AI employment in the 

Baltimore-Washington corridor creates both opportunity and challenge for outlying regions. 

Community colleges outside metropolitan areas must navigate the tension between serving local 

employer needs and preparing students for employment that may require relocation. 

6.3 Eastern Shore Regional Analysis (RQ2) 

Maryland’s Eastern Shore presents a distinctive context for AI technician workforce 

development, shaped by manufacturing heritage, rural geography, and strategic positioning within 

the Delmarva Peninsula economic region. Analysis of regional economic development 

documentation [27-28], [40] reveals active Industry 4.0 adoption among Eastern Shore 

manufacturers. Regional manufacturing clusters include electronics and component assembly, 

precision machining and metal fabrication, aerospace and defense subcontracting, and food 

processing with increasing automation. Recent Manufacturing 4.0 grants have supported 

automation investments at Eastern Shore facilities [40], indicating growing employer demand for 

workers capable of operating and maintaining AI-enabled systems. 

Employer demand documentation from regional economic development sources indicates 

specific needs for CNC programming, industrial automation, quality control with statistical 

process capability, and basic data analysis competencies [27-28]. These requirements align closely 

with national patterns while reflecting the region’s specific manufacturing specializations. 

Geographic positioning offers both advantages and constraints. Location within the broader 

Delmarva Peninsula manufacturing corridor creates opportunities for regional workforce 

coordination extending beyond Maryland state boundaries; distance from major metropolitan areas 

limits student access to employers concentrated in urban centers and makes it difficult to attract 

faculty with current industry experience. 

 

 



6.4 Competency Requirements 

Technical competency requirements show substantial convergence across the source corpus, 

providing clear guidance for curriculum development. Figure 3 presents the frequency of 

competency mentions across sources, disaggregated by geographic focus of the source. 

 

 

Figure 3. Technical competency demand frequency across geographic levels. 

The most frequently cited technical competencies include machine learning fundamentals (23 

sources, 71.9 percent), data analysis and interpretation (21 sources, 65.6 percent), AI programming 

basics including Python (19 sources, 59.4 percent), industrial automation systems (18 sources, 56.3 

percent), and quality control with statistical methods (16 sources, 50.0 percent). Convergence 

across federal, industry, academic, and regional sources provides strong evidentiary support for 

curriculum priorities. 

Beyond technical skill, sources consistently emphasize workplace competencies: critical 

thinking and problem-solving (19 sources), collaboration and communication (17 sources), 

adaptability and continuous learning orientation (15 sources), and ethical awareness regarding AI 

systems (12 sources). Employers particularly stress that technical competence alone proves 

insufficient without accompanying workplace skills [24]. 

 

 



6.5 Educational Pathway Findings (RQ3) 

Sources show strong consensus regarding community colleges’ central role in AI technician 

education. Three-quarters of sources (24 of 32) identify community colleges as primary pathways 

for technician workforce development, with this pattern consistent across federal, industry, and 

academic sources [5], [18-20]. Industry partnerships emerge as essential to effective programming: 

65.6 percent of sources (21 of 32) emphasize partnerships extending beyond traditional advisory 

relationships to include work-integrated learning, equipment sharing, curriculum co-development, 

and faculty exchanges [24], [22], [25]. This finding aligns with Regional Innovation Systems 

Theory’s emphasis on institutional relationships rather than isolated organizational effort. 

Credential structure shows notable patterns, with sources indicating a roughly 4:1 ratio of 

certificate-to-degree growth in AI-related technical fields [5]. This pattern suggests employer 

demand focuses on specific competency demonstration rather than comprehensive degree 

completion, with implications for curriculum modularity and stackable credential design. 

7. Discussion 

7.1 Addressing the Research Questions 

RQ1 synthesis. Multi-source analysis demonstrates substantial and growing demand for AI-

skilled technicians across national and state levels. Convergence across 87.5 percent of sources 

regarding workforce shortages, combined with consistent competency requirements, provides a 

strong evidentiary foundation for educational investment. The convergence pattern aligns with 

Skills-Based Technological Change Theory predictions that technological transformation creates 

consistent, identifiable competency demands across affected sectors [32]. The finding that machine 

learning fundamentals, data analysis, and AI programming appear most frequently across sources 

suggests these represent core curriculum components rather than specialized electives, mirroring 

empirical analyses of AI and machine learning job postings that identified the same three 

competencies as dominant requirements [4], [17]. The documented 1.9 to 3.8 million unfilled 

manufacturing positions by 2033 represents a workforce challenge of substantial scale. Our 

findings extend industry analyses [2] by showing that similar demand patterns appear across 

federal, academic, and regional sources, not merely industry projections. Convergence across 

methodologically diverse sources strengthens confidence that observed demand reflects genuine 

labor market conditions rather than advocacy-driven projections. The finding that forty percent of 

manufacturing competency requirements will change within five years also aligns with 

Zarifhonarvar’s analysis suggesting AI could fully impact 32.8 percent of occupations while 

partially affecting another 36.5 percent [16]. 

RQ2 synthesis. Maryland’s Eastern Shore patterns are consistent with broader trends while 

presenting region-specific opportunities. The Baltimore-Washington capital region’s position as 

the nation’s second-largest AI jobs hub [39] indicates strong state-level demand that creates 

spillover opportunities for regional workforce development. Eastern Shore manufacturing clusters 



in electronics, precision machining, and aerospace provide immediate employment pathways for 

AI-skilled technicians, while Manufacturing 4.0 investments signal sustained demand [40]. These 

patterns align with Regional Innovation Systems Theory predictions that regions with established 

industrial infrastructure and coordination mechanisms can leverage technology adoption for 

competitive advantage [31]. Our approach also addresses concerns raised by Frank and colleagues 

[15] regarding barriers that inhibit measurement of AI effects on work, including limited high-

quality data on skill requirements and limited understanding of how AI interacts with regional 

dynamics. By synthesizing federal projections with regional economic development 

documentation, this study demonstrates a methodological route around data limitations that have 

constrained prior regional analyses. The Eastern Shore context further illustrates scholars 

observation that rural regions face particular challenges in workforce development, including 

limited employment numbers and constrained educational infrastructure, while showing that such 

regions can position themselves advantageously when industrial clustering and educational 

coordination are present [7, 9]. 

RQ3 synthesis. Curriculum development implications center on modular credential design, 

deep industry partnerships, and faculty development that addresses rapid technological change. 

The 75 percent convergence on community colleges’ central role, combined with 65.6 percent 

emphasis on partnerships extending beyond traditional advisory relationships, suggests that 

successful programs require deeper integration with regional employers. This finding extends 

Gauthier’s [24], [41] research on employer perspectives in community college career and technical 

education, which documented that graduates need both specialized technical competencies and 

common employability competencies. The four-to-one growth ratio of certificate programs over 

associate degrees indicates demand for modular, stackable credentials that accommodate both 

traditional students and incumbent workers seeking to add AI competencies [5], consistent with 

research finding that community college students strategically select shorter credential pathways 

under uncertain labor market conditions [42]. Faculty development emerged as a critical 

implementation requirement, with sources emphasizing the need for ongoing professional 

development addressing the rapid pace of technological change [23], [25]. Haviland and Robbins 

[20] note that career and technical education roles are evolving more rapidly than research can 

track, with practices changing ahead of scholarly understanding, a challenge that is particularly 

acute for AI technician education where the documented forty-percent competency evolution rate 

within five years exceeds the typical curriculum revision cycle at most community colleges. 

7.2 Interpreting Findings Through Human Capital Theory 

Human Capital Theory (HCT) is named in the conceptual framework but warrants explicit 

interpretation of what the findings say about individual-level educational investment. Three 

themes in the results map onto core HCT constructs in ways that carry concrete curricular 

implications. 



First, the 4:1 certificate-to-degree growth ratio [5] reflects an HCT logic of investment under 

uncertainty. When the expected lifetime of a given competency is short, the rational learner invests 

in shorter-duration, lower-sunk-cost credentials that can be supplemented as requirements evolve. 

The pattern observed in the corpus suggests that learners and employers alike are selecting into a 

shared-cost arrangement where general human capital is built cumulatively rather than in large, 

one-time investments, a logic consistent with Becker’s distinction between general and specific 

human capital [29] adapted to a high-velocity skill domain [30]. Curricular implication: stackable 

credential designs with clear articulation into associate and bachelor’s pathways maximize 

flexibility of returns. 

Second, the 65.6 percent convergence on deep industry partnerships reflects the classic HCT 

problem of who invests in firm-specific human capital. When employers co-invest in training 

through work-integrated learning, equipment contribution, and faculty exchange, the specific 

human capital component becomes more attractive because the employer shares the risk and 

captures part of the return through reduced turnover and lower hiring costs. Becker’s original 

framing [29] anticipated exactly this structure. Curricular implication: partnership models that 

formalize employer contribution (paid internships, preceptor-supervised projects, employer-

provided equipment) align private returns for the learner with productivity returns for the firm. 

Third, the emphasis on workplace competencies alongside technical skill reflects the HCT 

observation that returns to education are highest when skills are complementary rather than 

substitutable across settings. Critical thinking, communication, and collaboration are portable 

forms of human capital that amplify returns to domain-specific technical skill [11], [29]. Curricular 

implication: programs that integrate workplace competency development with technical content 

maintain the complementarity that produces the highest individual-level returns, rather than 

relegating workplace skills to separate, optional modules. 

7.3 Theoretical and Methodological Implications 

The integrated application of three frameworks demonstrates value for multi-level workforce 

analysis that no single theory achieves independently. Human Capital Theory explains why 

learners and employers select modular credentials under uncertainty. Regional Innovation Systems 

Theory explains why Eastern Shore manufacturing clusters create competitive advantage for AI 

technician development [31]. Skills-Based Technological Change Theory clarifies which specific 

competencies warrant curriculum priority, extending research on employment growth 

concentrating in non-routine occupations [32] to the specific context of technician education. 

The findings also suggest that AI integration in manufacturing creates complementary rather 

than substitutive competency demands at the technician level. Rather than replacing traditional 

technical competencies, AI technologies require workers who combine domain expertise with AI 

tool proficiency. This pattern confirms arguments that AI creates complementary demand for 

human capabilities [14], while extending the analysis specifically to technician-level education. 

The emphasis on applied integration competencies, combining AI tools with manufacturing, 



quality control, and automation expertise, suggests that curriculum development should embed AI 

within existing technical domains rather than treating AI as a standalone subject. Finally, the 

consistent emphasis on industry partnerships across source types suggests that traditional 

community college advisory relationships may be insufficient for AI technician education: 

partnership models need work-integrated learning, industry-validated competency frameworks, 

and continuous curriculum updating that responds to technological advancement in near-real-time, 

consistent with the task-level dynamic described by Acemoglu and Restrepo [43]. 

8. Study Limitations 

Several limitations bound the findings. First, secondary analysis depends on the quality and 

scope of available sources; gaps in existing documentation may mask important patterns, 

particularly for emerging competencies not yet reflected in published research [34]. Second, 

geographic focus on Maryland’s Eastern Shore, while enabling depth of regional analysis, limits 

direct generalizability to regions with different economic and institutional characteristics. Third, 

the rapid pace of AI technological advancement means that competency requirements identified 

in the analysis may shift substantially within the typical two- to three-year curriculum development 

cycle [16]. Fourth, the quality assessment framework, while systematically applied, involves 

judgment that may have influenced source inclusion; we addressed this through dual independent 

coding and documented disagreement resolution, but subjectivity cannot be fully eliminated. Fifth, 

the 32-source corpus, while meeting quality standards, represents a purposive rather than 

exhaustive sample of available evidence. 

Finally, the study's scope is bounded to hiring demand and does not evaluate net employment 

effects, including any displacement of incumbent workers associated with AI adoption. Recent 

large-scale analysis of U.S. job postings reports no empirical evidence that AI is reducing overall 

labor market demand [39], though the net regional employment effects of AI adoption in 

manufacturing remain an open empirical question. Rigorous evaluation requires firm-level 

longitudinal data beyond the scope of this review and represents an important direction for future 

work. 

9. Implications and Future Research 

9.1 Implications for Practice 

Based on the findings, we offer the following recommendations for community college 

practitioners and regional workforce development stakeholders: 

1. Develop modular credential pathways. The 4:1 certificate-to-degree growth ratio and the 

emphasis on specific competency demonstration support curriculum structures enabling 

stackable credentials [5]. Programs should enable students to build credentials 

incrementally while demonstrating employable skill at each stage [22]. 



2. Cultivate deep industry partnerships. Consistent emphasis on partnerships extending 

beyond advisory relationships requires intentional relationship development [24]. 

Effective partnerships should encompass work-integrated learning, equipment sharing, 

curriculum co-development, and faculty industry engagement [25]. 

3. Prioritize faculty development. Rapid technological change requires ongoing faculty 

development addressing both technical competencies and pedagogical approaches for 

emerging technologies [23]. Industry partnerships can support faculty development 

through exchanges and joint projects. 

4. Leverage regional coordination. For regions like Maryland’s Eastern Shore, coordination 

across institutional and jurisdictional boundaries can address resource constraints while 

serving broader employer needs [26]. The Delmarva Peninsula’s cross-state 

manufacturing corridor presents opportunities for educational collaboration [31]. 

5. Balance technical and workplace competencies. Findings consistently indicate that 

technical skill alone is insufficient [24]. Programs should intentionally integrate critical 

thinking, communication, and collaboration with technical content [16]. 

9.2 Directions for Future Research 

Our study opens several avenues for future investigation. Longitudinal competency tracking 

would identify patterns of emergence, stabilization, and obsolescence in AI-related skills and 

inform curriculum revision cycles [16], [32]. Comparative regional analysis extending the 

approach to additional rural and semi-rural regions would test the generalizability of Eastern Shore 

patterns while identifying region-specific factors influencing workforce development success [7], 

[10]. Partnership effectiveness evaluation would examine which partnership models produce 

superior outcomes, moving beyond the finding that partnerships matter toward evidence about 

which structures matter most [24], [41]. Student outcome tracking would track graduate 

employment outcomes, wage progression, and career advancement as AI technician programs 

develop [20], [42]. Faculty development impact studies would examine the relationship between 

professional development approaches and student learning outcomes in AI-related programs [23]. 

Finally, firm-level longitudinal research is needed to evaluate net regional employment effects of 

AI adoption, distinguishing new hires with AI skills from any reductions in incumbent 

employment. 

10. Conclusions 

Our systematic analysis of AI technician workforce demand provides evidence-based guidance 

for community college curriculum development, with particular implications for Maryland’s 

Eastern Shore and similar rural regions. Convergence across 32 high-quality sources regarding 

workforce shortages, competency requirements, and educational pathways offers a foundation for 

institutional planning and investment decisions. 



Community colleges are positioned to lead regional AI workforce development through their 

historical strengths in responsive curriculum development, employer relationships, and accessible 

education [5], [20-21]. Success requires moving beyond traditional models toward modular 

credentials, deep industry partnerships, and continuous faculty development [22-24]. For 

Maryland’s Eastern Shore, the combination of manufacturing heritage, strategic geographic 

positioning within the second-largest AI jobs hub in the nation, and recent Industry 4.0 investment 

creates favorable conditions for educational innovation [27-28], [39-40]. 

Beyond the specific findings, this study contributes a replicable method for regional workforce 

assessment in emerging technology fields. The quality assessment framework, multi-level 

geographic analysis, and cross-source triangulation can be applied to other technologies 

(advanced manufacturing robotics, cybersecurity, clean energy systems) and other rural regions 

facing similar workforce challenges [33], [34]. Three priorities now warrant attention from 

community college leaders, regional workforce boards, and funding agencies: coordinated 

investment in modular credential infrastructure that can evolve as competencies do; formalized 

partnership models that shift industry engagement from advisory to co-investment; and sustained 

faculty development pipelines that keep pace with technological change. As AI continues 

reshaping manufacturing and engineering work [13], [14], [15], the window for establishing 

regional AI technician education is narrow. Community colleges working in deep partnership 

with regional employers [31] can convert that window into durable institutional capacity. The 

evidence assembled here points the way; the remaining work is institutional, political, and 

sustained. 
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