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Abstract - Design Thinking (DT) and Artificial Intelligence (AI) combined are really changing how Computer Science and Engineering 

(CSE) students learn globally. With the tech industry speeding towards 2030, there's a huge need for experts who can merge human-

centered thinking with top-notch AI skills. This paper looks at 30 well-cited peer-reviewed articles on design methods, AI education, 

computational thinking, and job markets. Our main point is that using DT to teach AI gives CSE students more than just tech know-how. 

It teaches them empathy, helps them get better at problem-solving, and shows them how to test ideas effectively – all key traits for top 

engineering jobs in the future. From our findings, DT makes students better at creative thinking. Plus, when AI gets involved in learning, 

it speeds up how fast students pick up new skills. Also, weaving in those human-focused principles helps with explainability, ethics, and 

building user trust – big areas where industries see gaps. We suggest a five-phase DT-AI Curriculum Framework, talk about the new 

kinds of job opportunities, and note gaps where further study is needed. This should help curriculum planners, researchers, and businesses 

gear up the next wave of CSE pros for great, important jobs. 
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1. INTRODUCTION 

The fourth industrial revolution, characterized by the fusion of the physical, digital, and biological spheres, has placed artificial 

intelligence at the epicenter of economic transformation [11]. The practice of Design Thinking (DT), once confined to product 

studios at firms such as IDEO, has migrated into boardrooms, hospitals, government agencies, and—most consequentially for this 

review—university engineering classrooms [1]. The intersection of these two movements is not accidental. Both disciplines share a 

core commitment: rigorously understanding human needs before engineering solutions. 

Computer Science and Engineering (CSE) students entering the workforce by 2030 will encounter a radically different professional 

terrain. The McKinsey Global Institute [30] projects that generative AI alone could automate 60–70% of current work activities by 

2030 in advanced economies, simultaneously displacing routine technical labor and elevating the premium on higher-order, creative, 

and empathetic cognitive work. Against this backdrop, an exclusively technical CSE curriculum—focused on syntax, algorithms, 

and data structures in isolation—is no longer sufficient. 

This paper examines how the deliberate integration of Design Thinking principles into AI education can produce a new generation 

of CSE graduates characterized by what the World Economic Forum [10] terms 'T-shaped skills': deep technical expertise combined 

with the breadth to understand human, social, and organizational contexts. The paper is structured as follows: Section 2 reviews the 

theoretical foundations; Section 3 presents the five-phase DT-AI Curriculum Framework; Section 4 analyses the skills landscape 

for 2030; Section 5 surveys the emerging career pathways; Section 6 discusses challenges and limitations; and Section 7 concludes 

with recommendations for research and practice. 

2. THEORETICAL FOUNDATIONS 

2.1 Design Thinking: Origins and Educational Significance 

Design Thinking as a formalized methodology traces its scholarly lineage to Simon's 1969 treatise The Sciences of the Artificial 

and to Rittel and Webber's 1973 articulation of 'wicked problems'—ill-defined, socially complex challenges for which no algorithm 

Published by : International Journal of Engineering Research & Technology (IJERT)
https://www.ijert.org/ ISSN: 2278-0181
An International Peer-Reviewed Journal Vol. 15 Issue 06 , June - 2026

IJERTV15IS060192 Page 1

(This work is licensed under a Creative Commons Attribution 4.0 International License.)



` 

yields a definitive solution [21]. The contemporary five-stage model—Empathize, Define, Ideate, Prototype, and Test—was 

popularized by Stanford's d.school [7] and brought to mainstream management audiences by Brown [1], whose 2008 Harvard 

Business Review article remains one of the most cited works in design methodology. 

Wrigley and Straker [6] extended the discourse into pedagogy, proposing the 'Educational Design Ladder' which maps DT onto four 

progressive competency levels: design for learning, design to learn, learning to design, and learning through design. Their 

framework provides a principled scaffold for embedding DT within CSE curricula at increasing levels of complexity and agency. 

Cross [16] further argues that design thinking constitutes a distinct cognitive style—one that moves fluidly between analysis and 

synthesis, between the concrete and the abstract—making it an ideal complement to computational thinking. 

2.2 Computational Thinking and Its Limits 

Wing's [2] 2006 seminal definition of Computational Thinking (CT) as the set of cognitive processes—decomposition, pattern 

recognition, abstraction, and algorithmic design—that underpin all computational problem solving established a foundational 

literacy goal for CS education. Grover and Pea [3] extended this framework for K–12 contexts, identifying seven dimensions of CT 

and highlighting the pedagogical challenge of teaching abstraction. Shute, Sun, and Asbell-Clarke [22] further operationalized CT 

as a measurable construct, enabling empirical investigations of learning outcomes. 

However, the CT framework, taken alone, lacks an affective and social dimension. Computational thinking says much about how 

to formulate a problem algorithmically but comparatively little about which problems to solve, whose needs to center, or how to 

evaluate the human impact of a solution. This is precisely where DT and CT form a productive synthesis: CT provides the 

disciplinary toolkit; DT provides the human compass. 

2.3 Artificial Intelligence in Education: Paradigms and Progress 

Roll and Wylie [19] characterize the history of AI in Education (AIEd) through two paradigms: AI as a tool within education 

(tutoring systems, intelligent feedback, adaptive assessment) and AI as a subject of education (teaching students to understand, 

build, and critique AI). The first paradigm dominated the field through the 2000s; the second has become urgent in the 2020s. 

Holmes, Bialik, and Fadel [5] situate this transition within a broader argument that AIEd must move beyond efficiency—doing the 

same things faster—toward transformation: enabling entirely new kinds of learning. 

Ouyang and Jiao [26] advance this further with a three-paradigm model: AI-directed learning (algorithmic control), AI-supported 

learning (AI as assistant), and AI-empowered learning (AI as creative partner). For CSE students in the 2030 context, the third 

paradigm is the most consequential: students who know how to harness AI as a creative partner in the design process will be 

qualitatively more productive and innovative than those who view AI only as a subject domain. 

Ng, Leung, Chu, and Qiao [12] propose five dimensions of AI Literacy—knowing, understanding, using, evaluating, and creating 

AI—that map naturally onto the DT phases. Shneiderman [29] argues that Human-Centred AI requires a dual-axis approach: high 

automation capability coupled with high human control. CSE education informed by DT is uniquely positioned to cultivate this 

balance. 

2.4 Mindset, Motivation, and the Growth Paradigm 

No pedagogical framework operates in a motivational vacuum. Dweck's [15] growth mindset theory—the belief that abilities can 

be developed through dedication and hard work—has been shown to be a significant predictor of persistence in STEM fields. DT's 

embrace of failure as a learning mechanism ('fail early, fail cheaply') is philosophically aligned with the growth mindset and provides 

a structured cultural container for the kind of risk-taking that innovative AI work requires. Resnick [20] extends this argument with 

his 'Four P's' of creative learning—Projects, Passion, Peers, and Play—drawn from Kolb's [17] experiential learning cycle. Together, 

these frameworks support a view of the CSE classroom as a design studio rather than a lecture theatre. 

 

3. A Five-Phase DT-AI Curriculum Framework for CSE 

Drawing on the theoretical foundations reviewed above, this paper proposes an integrated Five-Phase DT-AI Curriculum 

Framework. Each phase of the DT process is mapped to specific AI tools, techniques, and learning objectives relevant to CSE 

students preparing for 2030. 

 

Published by : International Journal of Engineering Research & Technology (IJERT)
https://www.ijert.org/ ISSN: 2278-0181
An International Peer-Reviewed Journal Vol. 15 Issue 06 , June - 2026

IJERTV15IS060192 Page 2

(This work is licensed under a Creative Commons Attribution 4.0 International License.)



` 

DT Phase AI Tool/Technique Applied Learning Outcome for CSE 

Students 

Empathize NLP sentiment analysis, user-

interview analytics, LLM-generated 

personas 

User research skills, ethical data 

collection 

Define AI-assisted problem framing, 

knowledge graphs, literature mining 

bots 

Problem decomposition, systems 

thinking 

Ideate Generative AI brainstorming (GPT-4, 

Claude), divergent/convergent 

thinking tools 

Creative confidence, breadth-first 

exploration 

Prototype AI-assisted code generation (GitHub 

Copilot), low-code ML platforms 
Rapid experimentation, fail-fast 

mindset 

Test Automated testing, A/B testing with 

ML analytics, user behaviour AI 
Data-driven validation, iterative 

refinement 

 

Table 1: Mapping of Design Thinking Phases to AI Tools and Learning Outcomes for CSE Students. 

 

3.1 Phase 1 — Empathize: Human-Centered Data Collection 

The Empathize phase asks students to inhabit the perspective of the user before writing a single line of code. In the DT-AI 

framework, this involves deploying Natural Language Processing (NLP) techniques—sentiment analysis, topic modelling, named-

entity recognition—to mine large corpora of user feedback, support tickets, and social media data. Students learn that AI is not 

merely a solution but a lens for understanding human experience at scale. Liao, Hansen, and Chai [24] demonstrate that AI-

augmented design support in the empathy phase produces richer and more accurate user models than conventional interview methods 

alone. 

Crucially, this phase also introduces ethical dimensions: data provenance, consent, bias in training data, and the risks of drawing 

design inferences from behavioral proxies. Vinuesa et al. [13] argue that AI systems can either accelerate or undermine the 

Sustainable Development Goals depending on whether they are grounded in accurate models of human needs. The Empathize phase 

makes this tension visceral and early. 

3.2 Phase 2 — Define: Problem Framing with AI 

The Define phase asks students to synthesize their empathy insights into a crisp problem statement—the 'How Might We' question. 

Buchanan's [21] concept of 'wicked problems' is directly relevant here: AI projects in industry routinely fail not because of poor 

algorithms but because of poorly framed problems. AI tools including knowledge graphs, ontology-based literature mining, and 

LLM-generated problem taxonomies can help students map the problem space more systematically. 

Baker and Inventado [25] demonstrate that educational data mining can reveal hidden patterns in student problem-solving behavior, 

enabling instructors to identify framing errors early and intervene. When CSE students internalize this capability—using AI to 

analyze their own reasoning processes—they develop a meta-cognitive advantage that translates directly to professional practice. 

3.3 Phase 3 — Ideate: Generative AI as Creative Partner 

Guilford's [23] distinction between divergent thinking (generating many possibilities) and convergent thinking (selecting the best) 

finds a powerful new instantiation in the pairing of large language models with structured ideation methods. Generative AI 

systems—GPT-4, Claude, Gemini—can produce thousands of plausible solution sketches in seconds, dramatically expanding the 

divergent phase. The cognitive challenge for students is not generation but curation: learning to apply convergent criteria—technical 

feasibility, ethical acceptability, business viability—to select and refine ideas. 
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The d.school [7] process guides students to suspend judgement during ideation, building psychological safety for unconventional 

proposals. In the DT-AI classroom, this principle extends to AI outputs: students must develop the critical faculty to evaluate, remix, 

and transcend AI-generated proposals rather than passively accepting them. This cultivates what Ng et al. [12] call 'evaluating AI'—

a higher-order AI literacy skill. 

3.4 Phase 4 — Prototype: AI-Assisted Rapid Development 

Prototyping is where DT and AI produce the most visible productivity gains. AI-assisted coding tools such as GitHub Copilot, low-

code ML platforms such as Teachable Machine, and no-code data pipeline builders enable CSE students to build testable prototypes 

in hours rather than weeks. Brynjolfsson and McAfee [9] note that the characteristic of transformative general-purpose technologies 

is their ability to lower the cost of experimentation—which is precisely what AI does in the prototype phase. 

The pedagogical objective, however, is not speed per se but the cultivation of a 'fail-fast, learn-fast' mindset. Kolb's [17] experiential 

learning cycle—concrete experience, reflective observation, abstract conceptualization, active experimentation—maps precisely 

onto the DT prototype-test loop, providing a well-validated theoretical justification for repeated, low-stakes, AI-accelerated 

prototyping in the CSE curriculum. 

3.5 Phase 5 — Test: Data-Driven Validation and Iteration 

The Test phase closes the DT loop by confronting prototypes with real users and real data. AI analytics—A/B testing frameworks, 

user behavior modelling, explainable AI dashboards—provide CSE students with rich, actionable feedback on their solutions. Shute 

et al. [22] show that formative, data-rich feedback loops significantly improve learning outcomes in CT domains. 

Critically, the Test phase in the DT-AI curriculum is never a terminus. Consistent with Luckin et al.'s [4] vision of AI as a tool for 

intelligent inquiry, students learn to treat every test as a new source of data about both their solution and their original problem 

framing—potentially cycling back to the Empathise or Define phases. This iterative, spiral epistemology is a hallmark of how the 

most effective AI research teams operate in industry. 

 

4. THE SKILLS LANDSCAPE FOR CSE STUDENTS IN 2030 

The career landscape for CSE graduates by 2030 will be shaped by the convergence of technical depth, human-centered design, and 

adaptability. The following table synthesizes insights from the World Economic Forum [10], McKinsey [30], and the academic 

literature reviewed above. 

 

Skill Domain Current 

Importance 
2030 Relevance DT–AI Integration Role 

Machine Learning & Deep 

Learning 
High Critical Iterative prototyping of AI 

models 

Human-Centered AI 

Design 
Medium Critical Empathy + Desirability 

lens 

Prompt Engineering & 

LLM Use 
Emerging High Define & Ideate phases 

Data Engineering & 

MLOps 
High Critical Feasibility + Viability test 

Explainable AI (XAI) Medium High Test & Feedback loops 

Cybersecurity & Privacy High Critical Ethical constraints in 

ideation 

Quantum Computing 

Basics 
Low Medium Future-state prototyping 

Cloud & Edge Computing High Critical Deploy & Scale stages 
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Skill Domain Current 

Importance 
2030 Relevance DT–AI Integration Role 

Soft Skills 

(Communication) 
Medium Critical Empathy maps, storytelling 

Interdisciplinary Thinking Medium Critical Cross-domain problem 

framing 

 

Table 2: Priority Skill Domains for CSE Students in 2030 and the Role of DT–AI Integration. 

 
4.1 Technical Skills: Necessary but Insufficient 

Machine learning, deep learning, and data engineering remain foundational [8]. LeCun, Bengio, and Hinton's [8] landmark 2015 

Nature review of deep learning established the theoretical basis for modern neural networks that now underpin virtually every high-

value AI application domain. However, as Brynjolfsson and McAfee [9] argue, the economic returns to generic technical skills are 

being compressed by automation itself: the highest-value work increasingly involves applying technical skills in novel, human-

centric contexts—precisely what the DT-AI framework cultivates. 

4.2 Human-Centred AI: The Competitive Differentiator 

Shneiderman [29] proposes that trustworthy AI requires 'human-centered' design principles: transparency, reliability, and 

controllability. CSE graduates fluent in both the technical implementation and the design-thinking rationale of these properties will 

be disproportionately employable. Seldon and Abidoye [14] predict that by 2030, emotional intelligence and empathetic reasoning 

will be more differentiating for AI practitioners than raw algorithmic ability—precisely because algorithmic ability is increasingly 

commoditized. 

4.3 Prompt Engineering and LLM Fluency 

The emergence of large language models has created a new technical literacy domain: prompt engineering. Siemens [28] anticipated, 

in his 2005 connectivism theory, that the ability to navigate and curate knowledge networks would become more valuable than the 

ability to store knowledge internally. Prompt engineering is the 2024 instantiation of this prediction: it requires understanding AI 

capabilities, human intent, and the design of the interface between them—a quintessentially DT-informed skill. 

4.4 Interdisciplinary and Soft Skills 

The WEF [10] Future of Jobs Report consistently identifies complex problem-solving, critical thinking, creativity, and emotional 

intelligence among the top skills for 2025 and beyond. Schwab [11] argues that the Fourth Industrial Revolution will require a new 

model of talent development that combines technical skills with 'cognitive flexibility, emotional intelligence, and cultural 

sensitivity.' DT pedagogy, with its emphasis on empathy, collaboration, and iterative communication, is structurally aligned with 

this mandate. Resnick's [20] 'Four P's' framework provides a practical curricular mechanism for developing these dispositions 

through project-based learning. 
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5. EMERGING CAREER PATHWAYS FOR DT-AI COMPETENT CSE GRADUATES 

CSE graduates with integrated DT-AI competencies are positioned to pursue a wider and higher-value range of career trajectories 

than those with purely technical profiles. The following pathways are identified as particularly lucrative and growth-oriented for 

2030: 

 

• AI Product Manager / AI Product Designer: Requires the ability to translate user needs into AI product requirements, 

prioritize features using data, and manage the ethical deployment of AI features. DT empathy and definition skills are 

directly applicable. Median compensation is projected to exceed $180,000 USD by 2030 in major technology hubs. 

• ML Engineer with UX Specialization: The integration of front-end user experience with back-end ML pipeline engineering 

is a scarce and highly sought-after capability. This role demands fluency in both the DT test-and-iterate methodology and 

the MLOps discipline of continuous model evaluation. 

• Responsible AI / AI Ethics Lead: As regulatory frameworks such as the EU AI Act come into force, organizations require 

specialists who can audit AI systems for bias, transparency, and compliance. The DT empathy phase—centering human 

experience—is foundational to this role. 

• Conversational AI / NLP Architect: Designing effective human-AI dialogue systems requires deep understanding of user 

intent, linguistic pragmatics, and error-recovery design—all informed by DT principles. The demand for this profile is 

projected to grow at 35% CAGR through 2030 [30]. 

• AI-Augmented Software Engineer: The modal CSE career path is being transformed by AI-assisted development tools. 

Engineers who can direct, evaluate, and iteratively improve AI-generated code—applying DT test-and-validate logic—

will command a significant premium over those who cannot. 

• EdTech and AIEd Designer: The AIEd sector is growing rapidly, with Holmes et al. [5] projecting that personalised AI 

tutors will be standard in K–12 and higher education by 2030. CSE graduates who understand learning science, DT 

pedagogy, and AI capabilities are uniquely positioned to build these systems. 

• Quantum-AI Researcher / Quantum Software Engineer: Though longer-horizon, quantum computing will reshape the 

computational substrate of AI by the late 2030s. CSE graduates who begin building quantum literacy now, grounded in a 

DT problem-framing approach, will be positioned at the frontier of this transition. 

 

Vinuesa et al. [13] note that AI's relationship to the Sustainable Development Goals is bidirectional: AI can both accelerate progress 

(through improved efficiency, personalization, and prediction) and create new risks (through bias, displacement, and concentration 

of power). CSE graduates with DT training are better equipped to navigate this duality because they have been trained to ask not 

only 'Can we build this?' but 'Should we build this, and for whom?' 

 
6. CHALLENGES, LIMITATIONS, AND RESEARCH GAPS 

6.1 Institutional Inertia in CSE Curricula 

The most significant barrier to implementing the DT-AI framework is institutional. CSE curricula are typically governed by 

accreditation bodies—IEEE, ACM, ABET—whose standards evolve slowly relative to industry needs. Johnson et al. [27] noted in 

2011 the difficulty of integrating 'soft' skills into technically rigorous programmes; a decade later, the problem persists. Curriculum 

redesign requires sustained institutional will, faculty retraining, and industry partnership—none of which is easily achieved at scale. 

6.2 Assessment and Measurement 

Measuring DT outcomes—empathy, creative confidence, problem-framing ability—is significantly more challenging than 

measuring algorithmic proficiency. Grover and Pea [3] identified this as a persistent gap in the computational thinking research 

literature. Similar gaps exist for DT outcomes in engineering education. Baker and Inventado [25] argue that educational data mining 

and learning analytics offer promising approaches, but robust, validated instruments for assessing DT-AI competencies in CSE 

contexts remain underdeveloped. 
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6.3 Faculty Capacity and Development 

Implementing DT-AI pedagogy requires faculty who are competent in both design methodology and contemporary AI—a rare 

combination. Roll and Wylie [19] note that faculty development in AIEd is one of the most persistent bottlenecks in the field. Seldon 

and Abidoye [14] argue for fundamentally rethinking the academic career model to incentivise interdisciplinary and practice-

oriented expertise. Without sustained investment in faculty development, the DT-AI curriculum framework will remain a theoretical 

aspiration. 

6.4 Equity and Access 

The benefits of DT-AI education are unevenly distributed. Luckin et al. [4] and Vinuesa et al. [13] both emphasize that AI-enriched 

education can either reduce or exacerbate educational inequality depending on design choices, infrastructure investment, and 

inclusive policy. Ng et al. [12] argue that AI literacy must be re-conceptualized as a civic right rather than a professional privilege 

if CSE education is to contribute to equitable development. 

6.5 Research Gaps 

Based on this review, the following research gaps are identified as priorities for future investigation: 

• Longitudinal studies tracking the career outcomes of CSE graduates trained in DT-AI frameworks versus conventional 

programmes. 

• Validated instruments for assessing DT competencies (empathy, problem framing, creative confidence) in engineering 

education contexts. 

• Investigation of optimal sequencing: at what stage(s) of the CSE curriculum should DT be introduced and how 

intensively? 

• Cross-cultural studies examining how DT-AI pedagogy operates in non-Western educational contexts. 

• Empirical studies of the long-term impact of DT-AI training on students' ethical reasoning and responsible AI practice. 

 

7. CONCLUSIONS AND RECOMMENDATIONS 

This review has synthesized evidence from 30 peer-reviewed and widely cited sources to argue that the integration of Design Thinking into AI 

education for CSE students represents one of the most consequential curricular opportunities of the coming decade. The case rests on three pillars. 

First, the skills demanded by the AI economy of 2030—human-centered problem framing, creative ideation, iterative validation, and ethical 

reasoning—are precisely those that DT pedagogy is designed to cultivate. Second, AI tools, when properly integrated into the DT phases, 

dramatically accelerate the development of these skills by lowering the cost of experimentation and enriching the feedback students receive. Third, 

the graduates who master this integration will be positioned for the highest-value, most resilient career trajectories the technology sector offers. 

The paper's contributions include: (a) a theoretically grounded Five-Phase DT-AI Curriculum Framework; (b) a comprehensive skills taxonomy 

for CSE graduates in 2030; (c) a mapping of emerging career pathways to DT-AI competencies; and (d) a structured agenda of research gaps. 

For curriculum designers, the core recommendation is: treat the CSE classroom as a design studio. Introduce DT principles at the first year, 

deepening their integration with AI tools and projects throughout the programme. Partner with industry to ensure that DT-AI projects address real-

world 'wicked problems.' For policymakers, the recommendation is to embed DT-AI competencies in accreditation standards and to fund the 

faculty development programmes necessary to make this transition real. For researchers, the call is to develop validated assessment instruments 

and to conduct the longitudinal studies without which claims about the career benefits of DT-AI education will remain aspirational. 

The CSE graduates of 2030 will not merely build AI systems. They will define what those systems should be for, ensure that they work for all 

humans, and take responsibility for their consequences. Design Thinking, integrated into the heart of AI education, is the most powerful mechanism 

we currently possess to develop that capacity at scale. 
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