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Abstract 

Engineering educators face a critical question: which generative AI competencies do 
engineering industries expect from graduates? While engineering programs increasingly 
incorporate generative AI tools and machine learning concepts, they focus primarily on 
technical proficiency rather than the critical evaluation, validation, and ethical reasoning 
that industry practitioners prefer. Academic engineering librarians are uniquely 
positioned to bridge this gap through their expertise in information literacy, namely 
teaching authoritative sources and critical evaluation often in embedded instruction 
programs in engineering curricula. This study identifies the competency gap through 
parallel analysis of stated industry expectations and current educational approaches. 
Our methodology employs a two-stage comparative analysis: (1) We conduct a 
qualitative analysis of case studies, technical reports, and publicly available 
documentation from civil, mechanical, and chemical engineering sectors, documenting 
how AI is deployed in both R&D and professional practice. (2) We examine recent 
literature to assess current generative AI-related instruction in engineering curricula. 
This approach enables us to identify specific gaps between industry expectations and 
educational practice. In addition, we identify synergies that can be strengthened and 
developed further with assessment tools. We then synthesize these findings into a 
competency-to-intervention framework that maps identified industry needs to specific 
librarian instructional proficiencies, including embedded course modules on generative 
AI validation and ethics, discipline-specific workshops using case studies, and 
collaborative development of AI literacy instruction with engineering faculty. This 
framework provides engineering librarians with both evidence-based justification for 
expanded instructional roles and practical pedagogical strategies for immediate 
curricular integration, thereby preparing students to join a generative AI-empowered 
workforce. 

Introduction 
 
Generative AI is promising to reshape how everyday tasks are performed across 
various fields by many workers. leading employers to prioritize candidates with 
competencies in this area. A 2024 Microsoft & LinkedIn Work Trend Index Report found 
that 66% of leaders would not hire a candidate without AI skills, and 71% expressed a 
preference for a less experienced candidate with AI skills over a more experienced one 
without [1]. In another survey assessing desired skills for recent college graduates, 
employers identified being adaptable with ever-changing technology, possessing “digital 
bilingualism - the ability to fluently navigate both human judgment and machine logic”, 
fluently communicating, and evaluating results generated by artificial intelligence [2].  
 



Engineers have incorporated AI techniques into design processes for years [3]. These 
techniques primarily included machine learning, methods used to predict outcomes or 
identify trends in large data sets and descriptive AI used to identify patterns and 
connections in multimodal datasets [4]. However, the emergence of readily available 
generative AI tools such as ChatGPT in November 2022, followed by Google Gemini 
and Microsoft Copilot, introduced new ethical considerations that require additional 
competencies, despite their potential to create efficiencies [5], [6].  Generative AI brings 
particular challenges in aligning educational programs with industry demands. 
Undergraduate education curricula need to address generative AI literacy and skills 
gaps to better prepare students for the evolving uses of generative AI in engineering 
industries [6], [7], [8]. Students must understand how to responsibly and ethically use 
generative AI to ensure job market readiness, career-related competencies, and 
engineering code of ethics compliance [3], [7], [9].To prepare for success in the 
workplace, academia needs to continue to focus on critical thinking, problem-solving, 
and ethical decision-making, which takes on more nuanced meaning in the usage of 
generative AI, so that students will be better prepared to develop these skills further as 
the technology advances [6]. 
 
Academic librarians’ expertise in information literacy, as guided by the ACRL 
Framework for Information Literacy [10], positions them to be valuable contributors to 
critical generative AI literacy in higher education. Furthermore, subject liaison librarians 
are uniquely qualified to collaborate with engineering faculty to create discipline-specific 
instruction on generative AI best practices to prepare students for industry [11], [12], 
[13]. A systematic review by Phillips et al. [14] demonstrated that librarian-faculty 
collaboration provides the most effective form of information literacy for undergraduate 
engineering education.  
 
Engineers of all kinds require a very diverse array of types of information from disparate 
sources, as is evidenced by hundreds of LibGuides designed to guide student 
engineering research and design, and librarians have been instrumental in helping 
students learn to navigate them on the road to becoming professionals [15]. 
Handbooks, patents, standards, technical reports, and peer-reviewed literature are the 
canonical authoritative sources that are the foundation of trusted information. Popular 
general-purpose generative AI platforms (ChatGPT, Gemini, etc.) have been known to 
hallucinate sources and rely on more popular free internet information rather than these 
canonical sources created by professional organizations such as ASM, ASTM, and 
SAE, etc. Furthermore, educational standards for higher education and engineering 
focus on learning to use such trusted, authoritative sources: ACRL’s Framework for 
Information Literacy’s first tenet is “Authority is Constructed and Contextual” and states 
“Information resources reflect their creators’ expertise and credibility, and are evaluated 



based on the information need and the context in which the information will be used. 
Authority is constructed in that various communities may recognize different types of 
authority. It is contextual in that the information need may help to determine the level of 
authority required.” [10]. Moreover, ABET Criterion 3 includes important aspects of 
information literacy, including authority, that engineering librarians have applied to 
engineering curricula [16].  
 
As generative AI and human-generated content become harder to differentiate, 
librarians’ specialized skills in source verification, critical evaluation, and ethical and 
responsible use of information are vital to embed into curricula [17], [18]. Given that 
authority is such an important element of engineering design, how are engineering 
educators, such as faculty and librarians, going to reconcile the efficiencies of these 
new general-purpose tools with the need for specialized authoritative information? How 
can this ethical approach, framed by educational standards and the tenets of 
information literacy enable student success in the profession of engineering? 

To address this issue, this study examines three research questions:  

Research Question 1: What specific non-technical and ethical competencies related to 
generative AI are prioritized by professional practitioners in the civil, mechanical, and 
chemical engineering sectors? 

Research Question 2: To what extent do current engineering curricula address the 
non-technical and ethical AI competencies identified as critical by industry? What 
competencies and skills are currently taught in higher education? How are students 
currently using generative AI in engineering programs, and what types of pedagogical 
approaches are taken to introduce AI literacy in the engineering curriculum?  

Research Question 3: How can librarians’ information literacy expertise be leveraged to 
transform information literacy into generative AI literacy and address AI literacy gaps? 
What structure should a framework take? What generative AI competencies should be 
covered?  

Methodology 
 
This study is a narrative review of available engineering industry applications of 
generative AI, along with an examination of scholarly literature that describes industry 
expectations of generative AI competencies and pedagogical interventions that examine 
the use of generative AI by students and its role in information literacy in engineering 
coursework. This methodology is suitable given the rapid evolution of this emerging 
technology. It follows the definition of a narrative review subtype described as a 
“state-of-the-art review”, in which it summarizes research in a timeline that is changing 



rapidly [19]. It includes the current state of understanding of generative artificial 
intelligence literacy competencies for new engineering graduates to determine a future 
progression of engineering curricula that best supports their needs. The ultimate goal is 
to determine the gaps present in engineering curricula that could be addressed with 
intentionally designed instruction, in collaboration with academic engineering librarians, 
in order to better prepare students for the engineering industry. This methodology is not 
meant to be exhaustive, but rather a snapshot of the rapidly evolving literature on 
generative AI applications in engineering education and industry.  
 
Table 1: Company Selection and Document Identification Process 

Stage Action/Criteria Count 

 Glassdoor [20]  
Search 1-3: 
●​ Job Title:  

○​ 1) Mechanical engineer;  
○​ 2) Chemical engineer;  
○​ 3) Civil engineer 

●​ Job Function: Engineer; Company Ratings: 4 stars and up; 
Global Company Size: Any Size  

●​ Top 20 chosen from each search 

N = 60 

Deduplication Removal of duplicate companies across the three disciplines N = 55 

Screening Internet search:  
●​ [Company Name] AND (AI OR “artificial intelligence”) AND 

competencies 
●​ [Company Name] AND (AI OR “artificial intelligence”) 

N = 32 

Eligibility Explicitly identified generative AI use cases or specific skill 
competencies 

N = 23 

Included Final list of companies for discussion N = 23 
 
Glassdoor [20] was used to search for top firms that employ engineers who publicly 
describe generative AI uses and applications in their product or process designs. 
Glassdoor is a website that helps job seekers make informed career decisions by 
providing company reviews, salary reports, and job listings. The company ratings on 
Glassdoor are completed anonymously by current employees. This review limited the 
disciplines to mechanical, chemical, or civil engineering in order to define a scope and 
focus on a realistic number of papers to achieve the review’s purpose. Furthermore, it 
was assumed that studies including other types of engineering, such as computer or 
electrical, may focus on traditional artificial intelligence (i.e., machine learning, algorithm 
design, and control systems, etc.) and not generative AI. This analysis was limited to 



the top 20 companies in each discipline to establish a manageable and consistent 
scope for comparison. 
 
Table 2: RQ1-3 Literature Search Strategy Table 

Scope Search Keywords Inclusion Criteria 

RQ1: Industry  (“artificial intelligence” OR “generative 
artificial intelligence” OR AI) AND 
engineering AND (industry OR 
workplace OR workforce) 

Limited to mechanical, 
chemical, or civil 
engineering 

RQ2: 
Generative AI 
literacy in 
engineering 
coursework 

(“artificial intelligence” OR “generative 
artificial intelligence” OR genAI) AND 
engineering AND literacy and (library or 
librarian) AND (college OR university 
OR  “higher education”) 

Limited to include those 
addressing generative AI 
as a tool for engineering 
work rather than as a 
pedagogical tool 

RQ3: 
Academic 
Librarians 
and AI 
Literacy 

(engineering OR science) AND 
librarians AND (“artificial intelligence” 
OR “generative artificial intelligence” OR 
AI) AND (literacy OR pedagogy OR  
intervention OR teaching) 

Selection continued until 
sufficient evidence 
emerged to address the 
stated objectives 

 
Scholarly articles pertaining to research questions one through three were searched 
according to the search strategy depicted in Table 2. The following databases were 
used in the searches: Scopus, Web of Science, American Chemical Society, IEEE, 
ArXiv, ERIC, and Google Scholar. 
 
Research Questions 

Research Question 1: What specific non-technical and ethical competencies related to 
generative AI are prioritized by professional practitioners in the civil, mechanical, and 
chemical engineering sectors? 

AI Applications in Engineering 
 
AI has found its way into nearly every facet of the science and engineering industries, 
from everyday tasks such as writing emails to research and development to product 
design and the development of new materials. Artificial intelligence techniques, 
including descriptive, predictive, generative, prescriptive, optimization, explainable, and 
meta-scientific, are being integrated into engineering workflows to enhance, optimize, 



and revolutionize the engineering design process [4]. Evolving AI capabilities in 
engineering include digital twins, AI-integrated CAD, and agentic AI to optimize design 
options [21].  
 
Specific generative AI applications include harnessing vast data sets and advanced 
computational methods, generating diverse outputs from different domains, automating 
and augmenting tasks, designing and testing prototypes and experiments, and creating 
novel designs and applications, which can make engineering systems and processes 
more creative, safer, and more reliable [22], [23]. The benefits of using generative AI in 
engineering processes allow for brainstorming and idea generation, streamlined project 
planning and execution, real-world simulations for design and material selection, 
predictive models using extensive datasets, and navigating regulatory frameworks [5], 
[24], [25]. Even though some AI techniques, such as machine learning and neural 
networks, have been employed in the engineering industry for years, the sudden 
emergence of general-purpose generative AI tools, such as ChatGPT, has created 
novel opportunities to advance and optimize engineering workflows. These new 
opportunities necessitate a new set of competencies to safely and professionally 
incorporate generative AI into engineering practices in a highly regulated environment.  
Generative AI applications are transforming multiple industrial sectors by boosting 
efficiency, enhancing decision-making, and automating complex processes. To 
understand the competencies engineers need, this study examines the implementation 
of generative AI at 23 leading engineering employers that are rated highest for hiring 
mechanical, chemical, and civil engineers, according to Glassdoor [20]. 
 
Table 3: AI Applications at Top American Engineering Employers (Glassdoor, 
2025) 

Engineering 
Sector 

Company Industry Generative AI Competencies 

Mechanical 
Engineers 

Honeywell 
[26] 

Industrial  Understanding the use of AI in 
industrial automation efficiency and 
data analysis, human verification of 
outputs 

Apple [27] Tech & 
Software 

Avoid perpetuating stereotypes & 
systemic biases, identifications of 
misuse/harm in generative AI tools and 
models 

Microsoft [28] Tech & 
Software 

Generative AI skills and foundational 
fluency are critical, understanding of 
the ethical implications & responsible 



Engineering 
Sector 

Company Industry Generative AI Competencies 

use 

GE [29] Industrial 
Manufacturing 

Knowledge of generative AI ethical 
and bias concerns, must be able to 
carefully monitor to prevent bias, and 
requires transparency in 
decision-making frameworks 

Caterpillar 
[30] 

Industrial 
Manufacturing 

Requires human collaboration to 
evaluate results for accuracy 

Johnson & 
Johnson [31] 

Pharma & 
Healthcare 

Ethical use requires proactively 
identifying bias in the data, 
understanding the data sets used for 
training, knowing how to ask the right 
questions to correct bias, and ensuring 
human oversight in any generative AI 
decision-making 

NASA Jet 
Propulsion 
Laboratory 
[32] 

Aerospace & 
Defense 

Must adhere to responsible generative 
AI principles 

US Marine 
Corps [33] 

Aerospace & 
Defense 

Must have competence in fundamental 
generative AI uses 
 

Chemical 
Engineers 

Dow [34] Chemical Generative AI literacy is required 
before use, including a fundamental 
understanding of its “language”, and 
uses Microsoft Co-Pilot 

Merck [35] Pharma & 
Healthcare 

Must use generative AI ethically and 
responsibly, in fair, inclusive, 
representative, accurate, reliable, and 
transparent ways 

Eli Lilly & 
Company [36] 

Pharma & 
Healthcare 

Ability to critically assess generative AI 
outputs and integrate into 
decision-making, critical thinking, 
problem-solving, and agility to use 
generative AI; uses OpenAI models 



Engineering 
Sector 

Company Industry Generative AI Competencies 

Procter & 
Gamble [37] 

Chemical Ability to work with generative AI and 
provide human collaboration, critical to 
know how to best integrate the latest 
generative AI technology into 
workflows 

Henkel [38] Chemical Generative AI capabilities and use of 
natural language queries 

Shell [39] Energy Focus on human-generative AI 
collaboration to address problems and 
support decision-making 

Civil 
Engineers 

Burns & 
McDonnell 
[40] 

Engineering & 
Construction 

Necessary to understand generative AI 
fundamentals and how to use it safely 
and fairly 

HDR [41] Engineering & 
Construction 

Utilize generative AI responsibly & 
ethically - in terms of accountability, 
transparency, privacy, fairness, and to 
mitigate risk with continuous human 
oversight and review of generative AI 
practices 

US Air Force 
[42] 

Aerospace & 
Defense 

Foundational generative AI skills 
required, must be generative AI fluent 
to integrate its capabilities into 
operations, includes basic AI 
understanding, comprehend 
applications, interpretations, and 
effective navigation of generative AI 
tools, evaluation of data for 
unintentional bias and discriminatory 
outcomes, and ethical use 

Parsons [43] Engineering & 
Construction 

Generative AI capabilities include - 
idea conception, large-scale data 
analysis, model verification and 
validation, AI ethics/privacy/anti-bias 

Mott 
MacDonald 
[44] 

Engineering & 
Construction 

Use generative AI safely and ethically, 
ability to understand its use in 
real-world applications; uses Microsoft 
Co-Pilot 



 
Some organizations name specific commercial large language models (LLMs), provided 
by Microsoft, OpenAI, and Google, in use at their companies [29], [34], [36], [44], [45].  
In contrast, some organizations have developed internal proprietary LLMs to ensure 
data security while assisting staff with document synthesis and research, or LLM 
integration into established automation platforms [49], [50]. A recurring theme across 
these sources is the necessity of human oversight to validate generative AI outputs and 
mitigate risks associated with hallucinations or bias. As a result, employers are looking 
for engineers who are fluent in generative AI capabilities and can communicate 
effectively with these models.  
 
Essential Engineer Generative AI Competencies 
 
Recent scholarship has discussed the emergent need for engineers not only to have 
technical proficiency and skills, but also a combination of technical expertise, critical 
thinking, creative thinking, and a deep-thinking mindset to adapt and leverage 
generative AI in everyday workflows [24], [51], [52], [53]. A survey of engineering 
employers conducted by Valentina et al. [8] indicated that 70% agreed that generative 
AI skills are valuable for engineering roles in their organization, and 67% said they were 
valuable for their roles as engineers. Onatayo et al. [24] and Dureva [21] discuss the 
need for familiarity and proficiency with multiple generative AI tools, platforms, and 
methods. It is essential for engineers to not only understand generative AI tools but also 

Engineering 
Sector 

Company Industry Generative AI Competencies 

Caltrans [45] Gov’t/Public 
Works 

Human oversight of generative AI 
decision-making and use from 
qualified engineers; Uses OpenAI, 
Google, & Anthropic models 

City of Los 
Angeles [46] 

Gov’t/Public 
Works 

Ethical considerations required with 
gen AI tools, knowledge of gen erative 
AI in specific use cases 

City of San 
Diego [47] 

Gov’t/Public 
Works 

Human oversight of the appropriate 
use and monitoring of generative AI 
output is required 

Pape-Dawson 
[48] 

Engineering & 
Construction 

Important for engineers to validate 
generative AI outputs and ensure 
high-quality deliverables, scanning for 
hallucination and bias 



to be able to critically evaluate generative AI outputs to ensure the generated output 
meets all the necessary safety and regulatory codes, as models can generate 
unattainable or non-compliant results. [22], [23] identifies several additional necessary 
skills for engineers, such as creating effective prompts, understanding how prompts are 
interpreted by the model, and how results are reasoned, while evaluating and 
monitoring output continuously. This also includes understanding generative AI’s 
limitations and challenges, such as data privacy and security [23], [24], and 
interpretability; understanding why the AI made a particular design choice is critical for 
trust and refinement [22]. Human oversight is essential to verify data, check results, and 
alleviate biases [5], [54].  
 
Professional engineers must adhere to ethical codes and standards that require designs 
and solutions that consider the impact on public health, safety, and welfare, as well as 
global, cultural, social, and environmental factors. [55], [56]. Generative AI integration 
creates novel ethical implications that expand the considerations required by these 
professional codes and standards. The design and application of generative AI present 
a host of unique ethical challenges, including bias and discrimination, lack of 
transparency, energy and water consumption, credibility, and accuracy.  Addressing 
these considerations requires engineers to expand their ethical reasoning beyond 
traditional frameworks.  Multiple scholars emphasize that this expansion of ethical 
reasoning is essential [24], [51], [52], [57]. This includes understanding the social, 
political, and environmental impacts, as well as critically evaluating AI outputs [51], [52], 
[57].  
 
Soft skills or personal attributes are also an important contributing factor for the effective 
use of generative AI in engineering industries. Studies have shown that mindset and 
adaptability are key attributes for success [53], [57]. In addition, continuous learning, 
experimentation, collaboration, empathy, critical thinking, emotional intelligence, and 
strong interpersonal skills are a necessity in the engineering workforce [51], [57]. While 
technical AI competencies are largely discipline-specific and taught in advanced 
engineering courses, the foundational non-technical generative AI competencies and 
soft skills –  using it ethically, evaluating its accuracy, and ensuring human oversight – 
are interdisciplinary.  
 
Industry Curricular Integration 
 
Scholars are recommending that generative AI literacy be integrated into the 
engineering curriculum. AI literacy, as defined by Lo [58], “balances accessible technical 
understanding with ethical reasoning, critical evaluation, practical application, and 
societal awareness”. There is a growing consensus that it is essential to integrate 



generative AI into curricula in ways that align with industry practice to best prepare 
engineers for the workplace [22], [23]. Generative AI literacy needs to incorporate 
real-world contexts, along with soft skills and ethical principles [6], [23], [52]. Integrating 
these elements addresses the need for broad foundational and ethical reasoning skills 
across diverse AI applications and contexts [6] rather than learning tool-specific skills 
that may quickly become obsolete. The industry-specific competencies presented along 
with scholar-recommended curricular integration raise the question: to what extent do 
current engineering curricula address the non-technical and ethical generative AI 
competencies identified as critical by industry? 

Research Question 2: To what extent do current engineering curricula address the 
non-technical and ethical AI competencies identified as critical by industry? What 
competencies and skills are currently taught in higher education? How are students 
currently using generative AI in engineering programs, and what types of pedagogical 
approaches are taken to introduce AI literacy in the engineering curriculum?  

Higher education has taken a number of approaches to identify and analyze the 
components of generative AI literacy for undergraduate students in various engineering 
fields throughout the undergraduate curriculum. This literature review primarily focuses 
on identifying the teaching of generative AI literacy and using generative AI as a 
research tool for design or problem-solving in engineering professional activities. We do 
not consider here the literature of generative AI as a pedagogical tool with such learning 
strategies as adaptive feedback, personalized learning, and acting as a tutoring agent, 
although these are occasionally mentioned in the literature as important to professional 
lifelong learning.  
 
The following review of the literature of generative AI in engineering education gives a 
snapshot of current interventions in development and falls into two broad categories: 1) 
surveys of students’ use and attitudes, and 2) putting generative AI tools to the test as a 
research and design tool in student assignments.  
 
Table 4 lists scholarly discussion on incorporating generative AI literacy competencies 
and skills into engineering curricula in relation to industry-identified competencies: 
 
Table 4: Alignment of Industry AI Skill Requirements with Academic Lesson Plan 
Design  

Publication Industry-identified competencies Skills and uses 

[59] ●​ Ethical judgment & responsibility 
●​ Critical thinking and output 

validation 

●​ Task efficiency 
●​ Data analysis 
●​ Idea generation 



Publication Industry-identified competencies Skills and uses 

●​ Generative AI fluency/literacy ●​ Critical thinking skills 

[60] ●​ Ethical judgment & responsibility 
●​ Critical thinking and output 

validation 

●​ Sustained learning 
●​ Sense and knowledge 

checking 
●​ Validate output using 

fundamental knowledge 
●​ Verify tasks  
●​ Bias  
●​ Misinformation 

[61] ●​ Ethical judgment & responsibility 
●​ Critical thinking and output 

validation 
●​ Knowledge in specific domain 

contexts 

●​ Topic development 
●​ Material review 
●​ Avoiding plagiarism 

[62] ●​ Ethical judgment & responsibility 
●​ Critical thinking and output 

validation 

●​ Bias 
●​ Data privacy 
●​ Over-reliance 
●​ Critical thinking 
●​ Misinformation 
●​ Undermining originality 

[63] ●​ Ethical judgment & responsibility 
●​ Critical thinking and output 

validation 

●​ Bias 
●​ Privacy 
●​ Accountability 

[64] ●​ Ethical judgment & responsibility 
●​ Critical thinking and output 

validation 

●​ Ideation 
●​ Lifelong learning  
●​ Ethical concerns 
●​ Verify information 
●​ Awareness of transparency 
●​ Privacy 
●​ Critical thinking 

[65] ●​ Ethical judgment & responsibility 
●​ Critical thinking and output 

validation 

●​ Brainstorming 
●​ Information Literacy 
●​ Information gathering 

[66] ●​ Ethical judgment & responsibility 
●​ Critical thinking and output 

validation 

●​ Ethical concerns 
●​ Follow codes of conduct 
●​ Systems thinking 
●​ Technical communication 



Publication Industry-identified competencies Skills and uses 

[67] ●​ Critical thinking and output 
validation 

●​ Knowledge in specific domain 
contexts 

●​ Early conceptual design 
stages 

[68] ●​ Ethical judgment & responsibility 
●​ Critical thinking and output 

validation 

●​ Ethical concerns 
●​ Balance generative AI with 

traditional methods 
●​ Bias  
●​ Accuracy 

[69] ●​ Critical thinking and output 
validation 

●​ Knowledge in specific domain 
contexts 

●​ Theory-based learning 
●​ Supplementary tool  
●​ Critical thinking 
●​ Problem solving 

 
We begin our analysis of approaches to generative AI literacy by examining the 
student-focused surveys that have been conducted to find out how engineering students 
are currently using generative AI tools, their attitudes towards generative AI, to 
determine their thoughts on its potential benefits and harms, and any differences in 
usage between students at various points in the curriculum and within different 
engineering subdisciplines. To what extent does this literature reflect the critical 
evaluation, validation, and ethical reasoning valued by top industry employers? Are 
students cultivating the “digital bilingualism” [2] that future employers seek?  
 
Several surveys describe and characterize students’ adoption of generative AI tools 
[61], [62], [64], [70]. These formative assessments are beneficial at this time of rapid 
generative AI evolution and provide valuable information and insights upon which to 
build a scaffolded and student-centered generative AI literacy framework. Basing 
instructional design on the intersection of industry expectations and students’ prior 
experience can promote authentic learning.  
 
In Ovi’s [70] survey at the Colorado School of Mines, the top 3 (out of 10) student 
concerns are all related to information literacy and authority: 1) misinformation, 2) 
academic integrity, and 3) bias in generative AI training data. The top benefits of using 
generative AI tools were: 1) to deepen one’s understanding beyond coursework, 2) to 
enhance the quality of one’s work, and 3) to make mundane tasks more efficient. 
 
In contrast, Siraj [62] and Usher [63] surveyed students to identify and analyze their 
awareness, concerns, and perceptions on career preparedness surrounding generative 



AI tools. Their findings fall into two main categories: ethical and practical. Overall, 
students felt strongly that generative AI competencies should be taught in their 
engineering curriculum and in institutions of higher learning. Moreover, Siraj’s survey 
uncovered differences in disciplinary perspectives on generative AI tools. Computer 
Science students are most at ease and experienced, while Engineering students are the 
most skeptical and have the greatest concerns about accuracy and domain knowledge. 
As students move through their university careers, they are more likely to have positive 
experiences using generative AI tools – graduate students and upper undergraduates 
are more experienced and comfortable with generative AI than are first and second year 
undergraduates. Students' ethical concerns mainly surround bias and data privacy 
issues. Practical concerns focus on accuracy, academic integrity, and the risk of 
over-reliance eroding critical and creative thinking [62]. 
 
Another approach is to give students assignments to gather their thoughts and 
reflections on generative AI. Of the ten recommendations created by students at the 
Tecnologico de Monterrey [64], generative AI’s lack of source transparency stood out as 
an ethical concern. Practical considerations included verifying generative AI-created 
content, learning to improve queries, and viewing generative AI as a lifelong learning 
tool beyond formal education. Moreover, students urged an ongoing critical stance 
towards generative AI as it rapidly evolves to impact both their profession and society 
[64]. In a similar survey, at the Wentworth Institute, [61] first-year engineering students 
were asked to reflect on the essential advantages and disadvantages of emerging 
generative AI tools. Student responses reflected ideas born from critical thinking – AI 
can assist humans in many beneficial ways, but falls short as a professional engineering 
design and research tool. However, students could imagine future developments to 
improve generative AI’s engineering capabilities [61].  
 
In the next section, we examine lesson plans from the scholarly literature designed to 
introduce students to generative AI tools as well as put them to the test as professional 
research and design tools. Two themes emerge in the lesson plans: 1) students are 
asked to test generative AI tools against authentic engineering tasks with their domain 
knowledge and 2) students are asked to consider the professional implications of using 
generative AI tools for engineering tasks.  
 
Vuletic [67] created an assignment for a capstone student in Mechanical Engineering. 
This paper can function as a case study to investigate the use of generative AI tools in 
undergraduate design projects. Can general-purpose AI tools follow product design 
specifications in a predictable and reliable way? A final year engineering student was 
asked to experiment with using generative AI tools to design a Formula 1 vehicle wheel 
nut as part of a senior project. Three types of tools  – a general-purpose tool 



(ChatGPT), image generation tools, and specialized tools such as Fusion 360, which 
incorporates “generative design” and incorporates a “general intelligence engine” –  
were tested to see if they could aid in the design process. In tandem, the student used 
more traditional methods to design the screw. The results showed that the generative AI 
tools can help with efficiencies in CAD design, but fall short when it comes to 
incorporating specialized engineering knowledge about materials. Akolekar [69] asks 
first-year mechanical engineering students to compare generative AI solutions with 
traditional solving using domain knowledge. Students were then asked to reflect on the 
use of generative AI in an academic context through surveys and interviews. ChatGPT, 
CoPilot, and Gemini were found to be more successful with theory-based questions but 
fell short when solving numerical problems, especially those that were multi-part 
complex problems involving assumptions. Student reflections focused on concerns 
about accuracy with numerical calculations as well as potential over-reliance that would 
sabotage the development of problem-solving and critical thinking skills. 
  
Another approach taken in introductory engineering courses, students are asked to 
consider the ethical implications of using Generative AI as professionals. Reading and 
reflecting on articles for chemical engineering professionals about generative AI 
applications [66] as well as applying the CRAAP test [71]  to results [61] are two 
constructivist approaches to help students form an authentic understanding of using 
generative AI as professionals. 
 
From these lessons, we see that students and instructors can generate a list of 
recommendations for responsible use of generative AI – many focus on the early 
introduction of generative AI tools so that students learn them in tandem with traditional 
methods and test them with domain knowledge. A recurring theme is that overreliance 
on generative AI tools should be avoided – results should always be validated with other 
methods. Moreover, specialized AI tools, designed for the task at hand and which 
incorporate engineering design processes, are more useful and efficient than 
general-purpose generative AI tools such as ChatGPT 
 
Research Question 3: How can librarians’ information literacy expertise be leveraged to 
transform information literacy into generative AI literacy and address AI literacy gaps? 
What structure should a framework take? What generative AI competencies should be 
covered?  

As teaching information literacy is the cornerstone of academic librarianship, academic 
librarians are positioned to contribute to generative AI literacy development intended to 
prepare students for the future workplace [18], [58], [72]. Academic librarians are 
information specialists who are trained to adapt to new information technologies in order 
to guide and support the academic community to understand responsible use of these 



technologies. Generative AI presents the latest disruption in technology to affect the 
information landscape and librarians are poised to prepare students to acquire the new 
skills as the technology advances [73]. 

The Association of College & Research Libraries (ACRL) Framework for Information 
Literacy, which was designed to guide information literacy instruction, aligns closely and 
is adaptable to incorporate AI literacy [10]. It provides the foundation for teaching the 
fundamentals of generative AI, critical evaluation of its output, and its ethical & societal 
impacts [18], [74]. As information specialists, librarians actively conduct research into 
generative AI literacy and skills, providing instruction and cross-disciplinary learning 
opportunities for students, and supporting institutional policies. These instructional and 
learning opportunities can take several forms. Pedagogical interventions include 
generative AI literacy workshops, asynchronous online modules [75], and collaboration 
with faculty for integration into library instruction and embedded within the curriculum. 
Here, the interventions serve as important tools to teach generative AI career-related 
competencies, such as the effective use of generative AI tools through targeted queries 
and resource discovery, while considering ethical implications [75].  

To guide instructional design, academic librarians are integrating generative AI literacy 
instruction into pedagogical frameworks and curricula. After several years of 
development, Purdue University Libraries has integrated generative AI literacy into a 
comprehensive program identified as an Information Studies Minor intended for 
students across all disciplines in preparation for the workplace of the future. Courses 
teach students how to navigate information challenges, such as mis/disinformation, 
algorithmic and information literacy, and artificial intelligence [76]. In addition, librarian 
scholars have developed comprehensive theoretical AI literacy frameworks for general 
higher education audiences. Hervieux & Wheatley [18] designed an AI literacy 
framework to build their instructional sessions. The proposed framework focuses on the 
following: 1) knowing the basic principles of AI, 2) understanding the fundamental 
differences of AI types, 3) experimenting with AI tools, 4) reviewing the outputs and 
outcomes of AI tools, 5) evaluating the impact of AI on a societal scale, and 6) engaging 
with AI discourse. Similarly, Lo [58] introduced “The Universal AI Literacy Framework” 
which includes five components: 1) technical knowledge (AI fundamentals, key 
concepts, terminology, processes), 2) ethical awareness (bias, fairness, transparency, 
privacy, and accountability), 3) critical thinking (questioning underlying assumptions, 
assessing reliability, and validity) 4) practical use (use of AI in real-world contexts) and 
5) societal impact (economic, social, cultural, political, and environmental). Both 
frameworks emphasize the teaching of AI fundamentals and basic principles, and their 
effective use. However, Lo’s [58] framework specifies ethical considerations, critical 
thinking, and societal impact, all of which have specific implications in engineering 
industries. The theoretical frameworks and the new curriculum program address 



generative AI literacy as an essential component of information literacy for all students 
across disciplines.  

Since the emergence of generative AI, discipline-specific frameworks have been 
developed to address generative AI literacy needs. Keith et al. [77] integrated the IDEE 
AI pedagogical framework [78] into a chemical engineering course, exposing students to 
generative AI applications they may encounter in their future professional practice. The 
IDEE framework incorporates a series of steps: 1) identify the desired outcomes, 2) 
determine the appropriate level of automation, 3) ensure ethical considerations, and 4) 
evaluate the effectiveness. The integration demonstrated that it provided students with 
an awareness of the need to evaluate generative AI output and the potential pitfalls 
associated with its use. Similarly, Schleiss et al. [79] proposed an “AI Course Design 
Planning Framework” specifically for domain-specific AI literacy, applying it to an 
engineering course context. This framework emphasizes a structured approach to 
designing domain-specific contexts in which AI can be integrated usefully. These 
discipline-specific approaches differ from general frameworks through their integration 
of domain-specific use cases and address professional/ethical considerations specific to 
the field. While discipline-specific frameworks have emerged for engineering education, 
no framework yet addresses connecting industry competencies to library instruction and 
how librarian-led interventions can support that endeavor. This study addresses the gap 
by developing a competency-to-intervention framework that leverages engineering 
librarians’ information literacy expertise to support engineering students’ AI literacy 
development to align with industry needs. 

Discussion 
 
Like many other employment sectors, engineering industries are increasingly expecting 
the adoption of generative AI processes in their employees' everyday workflows. 
Employees are expected to streamline processes, boost productivity, create novel 
solutions, and analyze large datasets (Table 3) to remain competitive. Companies are 
increasingly providing in-house training to upskill their employees. Colleges and 
universities have started to incorporate more generative AI literacy in their curricula, as 
well – many are formative, constructivist, and ethics-based. But the teaching of 
generative AI competencies needs to move beyond novice level and involve authentic 
activities that align with industry expectations, such as the Capstone project of Vuletic 
[67].  Chart 1, Top Rated Engineering Companies’ Generative AI Competencies, was 
developed based on a synthesis of the generative AI competencies discussed by the 
engineering companies listed in Table 1.  
 



 
Chart 1: Top Engineering Companies' Generative AI Competencies 

 
The rapid evolution of generative AI techniques is creating an unprecedented time in 
engineering industries to utilize its benefits and, at the same time, understand its 
limitations and ethical considerations. Despite these transformative applications, a 
shortage exists in engineers prepared to work with generative AI platforms, highlighting 
the need to identify essential competencies for the AI-enabled workforce [22], [24], [54].   
 
Table 5 illustrates the connections between the engineering industry generative AI 
competencies with information literacy and AI literacy frameworks [10], [58] and creates 
applicable learning outcomes to achieve competency. The learning outcomes in Table 5 
and the proposed Implementation Framework for Engineering Librarians were adapted 
and extended from the aforementioned frameworks [10], [58] and the proposed 
knowledge practices and dispositions in Ndungo [80] specifically for engineering 
disciplines.  
 
 
 
 
 
 
 



Table 5: Mapping Generative AI Competency to Learning Intervention Framework  

GenAI 
Competency 

Information 
Literacy 
Framework 
[10] 

AI Literacy 
Framework [58] 

Learning Outcomes 

Ethical 
Judgment & 
Responsibility 

Authority is 
Constructed 
and Contextual; 
Information Has 
Value 

Ethical Awareness:  
Level 1 - Ethical 
Foundations;  
Level 2  - Ethical 
Frameworks;  
Level 3 - Ethical 
Analysis;  
Level 4 - Ethical 
Leadership 
 
Societal Impact: 
Level 1 - Impact 
Recognition 
Level 2 - Impact 
Assessment 
Level 3 - Systemic 
Analysis 
 

●​ Identify critical ethical 
considerations in AI 
systems, including 
bias, fairness, 
transparency, and 
accountability 

●​ Evaluate 
AI-generated content 
against professional 
engineering codes 
and standards 

●​ Assess ethical 
considerations in 
specific engineering 
discipline contexts 

●​ Demonstrate that 
AI-generated output is 
influenced by any bias 
in its training data and 
user interaction 

●​ Assess societal 
benefits and risks 

Critical Thinking 
& Output 
Validation 

Authority is 
Constructed & 
Contextual; 
Information 
Creation as a 
Process 

Critical Thinking:  
Level 1 - Questioning 
Mindset;  
Level 2 - Analytical 
Evaluation;  
Level 3 - Critical 
Investigation;  
Level 4 - Informed 
Critique 
 
Societal Impact: 
Level 1 - Impact 
Recognition 
Level 2 - Impact 
Assessment 
Level 3 - Systemic 
Analysis 

●​ Validate AI-generated 
content to assess 
accuracy with 
traditional, 
professional, 
authoritative sources 

●​ Examine  
assumptions and 
model training data 
built into generative AI 
tools  

●​ Investigate different 
perspectives or 
considerations in 
AI-generated 
solutions 

●​ Describe the 



GenAI 
Competency 

Information 
Literacy 
Framework 
[10] 

AI Literacy 
Framework [58] 

Learning Outcomes 

 importance of human 
oversight of 
AI-generated 
solutions 

Gen AI 
Fluency/Literacy 

Authority is 
Constructed & 
Contextual; 
Information 
Creation as a 
Process 

Technical Knowledge: 
Level 1 - Basic 
Awareness 
Level 2 - Foundational 
Understanding 
Level 3 - Applied 
Knowledge 
Level 4 - Strategic 
Insight 

●​ Define AI, machine 
learning, and 
generative AI 
terminology 

●​ Recognize common 
generative AI 
applications in 
engineering contexts 

●​ Recognize limitations 
of generative AI 
content 

●​ Recognize that 
AI-generated content 
lacks real-world 
context understanding 

●​ Recognize when 
specific sources need 
to be cited rather than 
the AI output 

●​ Evaluate appropriate 
use cases and 
specific generative AI 
tools in engineering 
solutions vs traditional 
engineering methods 

Knowledge in 
Specific Domain 
Contexts 

Research as 
Inquiry; 
Scholarship as 
Conversation 

Practical Use:  
Level 1 - Tool 
Awareness 
Level 2 - Basic 
Implementation 
Level 3 - Integration & 
Adaptation 
Level 4 - Strategic 
Implementation 

●​ Determine the most 
effective generative AI 
tools for 
discipline-specific 
needs & contexts 

●​ Incorporate 
generative AI tools 
into engineering 
workflows while 
maintaining 



GenAI 
Competency 

Information 
Literacy 
Framework 
[10] 

AI Literacy 
Framework [58] 

Learning Outcomes 

engineering best 
practices 

●​ Adapt AI-generated 
content to align with 
engineering 
disciplinary 
conventions and 
standards 

Effective 
Querying 

Research as 
Inquiry; 
Searching as 
Strategic 
Exploration 

Practical Use:  
Level 1 - Tool 
Awareness 
Level 2 - Basic 
Implementation 
Level 3 - Integration & 
Adaptation 
Level 4 - Strategic 
Implementation 

●​ Formulate clear, 
precise prompts for 
queries regarding 
discipline-specific 
contexts 

●​ Practice iterative   
query formulation to 
generate relevant  AI 
output quality and 
relevance 

●​ Recognize that 
generative AI 
prompting is one 
research approach 
among many and 
does not provide a 
“silver bullet”, with the 
need for iterative 
refinement 

 
Implementation Framework for Engineering Librarians 
 
1.​ Start with Information Literacy Foundations 

●​ Build on existing information literacy skills students already possess, i.e., focused 
question formulation, effective search strategy, and credible source evaluation, 
while framing AI literacy as an extension of traditional information querying and 
evaluation. 

●​ Position generative AI tools at relevant points along the research and design 
process. 



●​ Develop guidelines on using generative AI as a collaborator rather than a creator, 
clarifying appropriate use.  

2.​ Use Discipline-Specific Engineering Context 
●​ Use examples and demonstrations of specific engineering design case studies 

and applications. 
●​ Partner with engineering faculty to ensure alignment with curricular assignments 

and standard learning objectives.  
●​ Incorporate discipline-specific engineering standards, codes, and professional 

practices. 
●​ Introduce the practice of identifying and expertly using traditional authoritative 

engineering information sources (handbooks, society reports, technical 
standards). 

3.​ Provide Practice-Based Learning Opportunities 
●​ Provide instructional support and resources that are appropriate for real-world 

engineering use cases, applications, and workflows. 
●​ Allow for student-led experimentation with generative AI tools in relevant contexts 

– skills take practice. 
●​ Focus on assignments that compare AI-generated solutions and traditionally 

generated solutions in tandem, allowing students to learn the skill of human-AI 
collaboration, promote critical thinking skills, and apply domain knowledge. 

●​ Develop and share, via Creative Commons licensing, open educational case 
studies and lesson plans that focus on specific engineering disciplines. 

●​ Elicit feedback and reflection on AI-generated outputs, prioritizing ethical 
considerations throughout. 

 
Conclusion 

The purpose of this study was to review publicly stated uses of generative AI in 
engineering sectors to determine the competencies required of new engineering 
graduates to succeed in the engineering workforce. Current literature of generative AI 
instruction in engineering curricula was also examined to determine a 
competency-to-intervention framework that maps industry needs to specific academic 
librarian information literacy expertise. These connections present potential 
collaboration opportunities between academic librarians and discipline faculty to 
continue their work to create information-literate students.  

Key findings from this review define the throughline of what is increasingly necessary for 
new engineering graduates to succeed in the evolving generative AI landscape in the 
engineering industry. Companies within the engineering industry are focused on hiring 
employees who understand the ethical and responsible use of generative AI in their 
workflows [7], [9]. As the development of generative AI is rapidly evolving, it is critical 



that higher education institutions prepare students for the increasing adoption of 
generative AI in engineering sectors [6]. Top companies that hire mechanical, civil, and 
chemical engineers are emphasizing that their employees possess both non-technical 
and ethical competencies in generative AI. The companies reviewed in this study 
highlight the following as key competencies: ethical considerations, human oversight in 
AI-generated output, and fundamental generative AI understanding. A review of the 
current examples of generative AI integration into engineering curricula focuses on 
general overviews of the technology geared towards first-year students or how different 
generative AI tools perform on typical engineering problem sets and exam questions, 
while having students reflect on the ethical impact of the technology. These 
interventions are beginning to meet the necessary competencies required of engineers 
in industry; however, the need to integrate these skills in discipline-specific roles and 
responsibilities is essential.  

The competency to learning intervention framework outlined in Table 5 identifies that 
generative AI literacy skills are directly correlated to the competencies that engineering 
industry employers require for engineers in the workplace. Studies have shown that the 
ACRL Information Literacy Framework is adaptable to support AI literacy initiatives [18], 
[58], [80], [81]. Academic librarians' information literacy teaching expertise and evolving 
knowledge of the implications of using generative AI, both ethically and responsibly, 
position them to be excellent collaborators in engineering discipline-specific curricula 
integration [11], [82]. 

As the discourse and integration of generative AI into engineering curricula and industry 
workflows are rapidly evolving, this review is not meant to be exhaustive, but a snapshot 
of the ongoing discussion around what is required to best prepare engineering 
graduates. The methodology is limited to only web searches of available industry 
disclosure of generative AI usage in their designs and workflows. It would be beneficial 
to further develop this knowledge by surveying engineering companies to gather more 
detailed information on what they desire in terms of AI literacy of their engineering new 
hires. For instance, what case study material might they make available for academic 
use? How are commercial generative AI tools used in tandem with specialized research 
tools? Do intellectual property restrictions create barriers to the use of generative AI 
tools? What points along the continuum of the design process are best served by 
generative AI tools? These questions and more should be further explored. Engineering 
curricula, incorporating generative AI and the integration of engineering librarians' 
collaborative efforts, are also developing at a rapid pace, which limits this discussion to 
just-in-time scholarly communications. This review can serve as a starting point for 
further investigation into best practices. 



The authors suggest next steps should involve further review of the evolving nature of 
generative AI integration into engineering curricula, as well as empirical studies on the 
benefits of following the suggested frameworks for generative AI literacy in collaboration 
with academic librarians in discipline-specific coursework. Widespread use of 
assessment tools for AI literacy competencies is necessary. It is also recommended to 
expand this discussion to additional engineering disciplines. Preparing students for a 
generative AI-empowered workforce can be optimized by connecting academic 
librarians’ traditional strengths in information literacy to the critical need for ethical and 
responsible use of generative AI.  
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