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Abstract: Artificial intelligence agents are rapidly emerging as potential collaborators—or 

substitutes—for human workers across diverse occupations, yet their behavioral patterns, 

strengths, and limitations remain poorly understood at the workflow level. This article synthesizes 

findings from a landmark comparative study of human and AI agent work activities across five 

core occupational skill domains: data analysis, engineering, computation, writing, and design. 

Drawing on workflow induction techniques applied to 112 computer-use trajectories, the analysis 

reveals that agents adopt overwhelmingly programmatic approaches even for visually intensive, 

open-ended tasks; produce lower-quality work masked by data fabrication and tool misuse; yet 

deliver outcomes 88.3% faster and at 90.4–96.2% lower cost. Human workflows remain largely 

unchanged when AI is used for augmentation (selective step-level assistance) but are substantially 

disrupted when AI is used for automation (end-to-end delegation). Evidence-based organizational 

responses include deliberate task delegation grounded in programmability assessment, workflow-

inspired agent training, hybrid human-agent teaming optimized for accuracy and efficiency, and 

stronger visual and UI-interaction capabilities in next-generation systems. Long-term resilience 

depends on redefining skill requirements, investing in visual and multimodal foundation models, 
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and establishing governance frameworks that balance efficiency gains with quality assurance, 

transparency, and worker protection. 
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Abstract: This study examines workforce composition trends across artificial intelligence 

companies, focusing on the balance between technical and non-technical roles. Using a 

comprehensive dataset of 19 AI companies across six industry segments, we analyze employment 

patterns, job function distributions, and growth trends from 2023-2025. Our findings reveal a 

significant shift toward non-technical roles, particularly in sales, operations, and strategic 

functions, as AI companies mature. Foundation model leaders are increasingly investing in go-to-

market capabilities, while enterprise platforms are reinforcing their sales functions. These 

patterns suggest that as AI technology matures, complementary organizational capabilities 

become crucial for commercial success. This research contributes to our understanding of industry 

life cycles in technology sectors and has implications for workforce development, educational 

institutions, and management strategy. 
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Abstract: The accelerating deployment of artificial intelligence systems across industries creates 

both displacement risks and unprecedented opportunities for workforce transformation. This 

article examines evidence-based organizational strategies for reskilling employees whose roles 

face significant AI-induced change. Drawing on labor economics research, organizational 

psychology, and documented practitioner cases, the analysis reveals that successful reskilling 

initiatives combine transparent role evolution mapping, individualized learning pathways, 

psychologically safe experimentation spaces, and institutional commitment to internal mobility. 

Organizations implementing comprehensive reskilling programs demonstrate measurably higher 

retention rates, faster AI adoption curves, and sustained competitive advantage compared to 

those pursuing replacement strategies. The article synthesizes organizational performance 

impacts, individual wellbeing consequences, and effective intervention models across healthcare, 

financial services, manufacturing, and professional services sectors, concluding with frameworks 

for building adaptive workforce capabilities that enable humans and AI systems to generate 

complementary value. 
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Abstract: Artificial intelligence agents are rapidly emerging as potential collaborators—or substitutes—

for human workers across diverse occupations, yet their behavioral patterns, strengths, and limitations 

remain poorly understood at the workflow level. This article synthesizes findings from a landmark 

comparative study of human and AI agent work activities across five core occupational skill domains: data 

analysis, engineering, computation, writing, and design. Drawing on workflow induction techniques 

applied to 112 computer-use trajectories, the analysis reveals that agents adopt overwhelmingly 

programmatic approaches even for visually intensive, open-ended tasks; produce lower-quality work 

masked by data fabrication and tool misuse; yet deliver outcomes 88.3% faster and at 90.4–96.2% lower 

cost. Human workflows remain largely unchanged when AI is used for augmentation (selective step-level 

assistance) but are substantially disrupted when AI is used for automation (end-to-end delegation). 

Evidence-based organizational responses include deliberate task delegation grounded in programmability 

assessment, workflow-inspired agent training, hybrid human-agent teaming optimized for accuracy and 

efficiency, and stronger visual and UI-interaction capabilities in next-generation systems. Long-term 

resilience depends on redefining skill requirements, investing in visual and multimodal foundation models, 

and establishing governance frameworks that balance efficiency gains with quality assurance, 

transparency, and worker protection. 
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The emergence of computer-use AI agents capable of executing professional tasks—from 

software engineering to financial analysis to content creation—signals a transformation in how work 

is organized and performed. Recent evaluations demonstrate that agents powered by large language 

models can autonomously complete portions of knowledge work, yet these assessments often measure 

only end-task outcomes, obscuring the process by which agents accomplish tasks and how that process 

compares to human workflows (Patwardhan et al., 2025; Xu et al., 2024). Understanding not just 

whether agents can perform work, but how they perform it—and where they diverge from or align with 

human approaches—is essential for designing effective human-agent collaboration, anticipating 

organizational changes, and informing policy decisions. 

A comparative workflow study by Wang and colleagues (2025) offers the first systematic, multi-

occupation analysis of how AI agents and human workers execute the same tasks. Examining 48 

human professionals and four representative agent frameworks across 16 realistic, long-horizon work 

tasks spanning data analysis, engineering, computation, writing, and design, the research team induced 

interpretable, hierarchical workflows from raw computer-use activities (mouse clicks, keystrokes, 

screenshots) using a novel automated toolkit. The resulting workflows—structured sequences of 

actions grouped by sub-goals—enabled direct human-agent comparison at a granularity unavailable in 

prior benchmarks. 

Three findings stand out. First, agents adopt overwhelmingly programmatic strategies across all 

domains, writing code to solve even open-ended, visually dependent tasks such as logo design or 

presentation creation—a sharp contrast to the UI-centric, perceptual methods favored by humans. 

Second, agent-produced work exhibits lower quality, frequently characterized by fabricated data, 

computational errors, misuse of advanced tools (e.g., web search as a fallback for file-reading failures), 

and limited visual refinement. Third, despite quality gaps, agents deliver results 88.3% faster and 

at 90.4–96.2% lower cost than human workers, underscoring immense efficiency potential if quality 

and reliability challenges can be addressed. 

These patterns carry profound implications. Organizations deploying agents must recognize that 

automation and augmentation yield different workflow impacts: augmentation (AI assisting on specific 

steps) preserves 76.8% workflow alignment and accelerates work by 24.3%, whereas automation (AI 

executing entire processes) reduces alignment to 40.3% and slows human work by 17.7% due to 

verification and debugging overhead. The findings also suggest that human-agent teaming—delegating 

readily programmable steps to agents while retaining human oversight for visually intensive, less-

deterministic tasks—can jointly optimize accuracy and efficiency. 

This article synthesizes the study's core insights for HCI researchers, technology managers, and 

policymakers. It examines the current landscape of agent capabilities and behavioral patterns, 

documents organizational and individual consequences of agent deployment, presents evidence-

based responses for managing human-agent collaboration, and outlines long-term capability-

building strategies for a future in which human and agent workers coexist. 
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The AI Agent Work Landscape 

Defining AI Agents in Occupational Contexts 

An AI agent, in the work context examined here, is an autonomous software system powered by large 

language models (LLMs) that can execute computer-based tasks by taking actions—clicking, typing, 

running code, issuing commands—within digital environments (Zhou et al., 2024). Unlike passive AI 

tools (e.g., autocomplete, grammar checkers) that assist humans in real time, agents operate with 

varying degrees of independence, from step-level assistance to end-to-end task completion. The study 

focused on three representative frameworks: 

• ChatGPT Agent (OpenAI): General-purpose, GPT-powered agent with broad 

computer-use capabilities 

• Manus (Anthropic): Claude-powered agent optimized for interactive tasks and user 

confirmation workflows 

• OpenHands (open-source): Coding-oriented agent supporting both GPT-4o and Claude 

Sonnet backends, emphasizing programmatic execution 

Each agent accessed sandboxed environments hosting engineering tools (bash, Python), collaboration 

platforms (Google Drive, RocketChat), and work-related software, mirroring realistic professional 

setups (Xu et al., 2024). Human workers—recruited via Upwork with verified professional 

backgrounds—used any preferred tools, including AI assistants, to reflect authentic workflows. 

State of Practice: Workflow Alignment and Divergence 

Overall Alignment: Human and agent workflows exhibited 83.0% step overlap with 99.8% order 

preservation (Wang et al., 2025), indicating that agents broadly understand task decomposition. This 

alignment was strongest for capable agents (those completing tasks end-to-end) paired with independent 

humans (those not using AI tools): 84.4% step matching. Alignment decreased for open-ended tasks—

design workflows showed only 72.1% matching, reflecting greater behavioral divergence when tasks 

permit multiple valid solutions. 

Programmatic Bias Across All Domains: Agents used programming tools in 93.8% of workflow 

steps, even for tasks humans typically execute via visual interfaces (Wang et al., 2025). This pattern 

persisted across skill categories: 

• Data analysis: Agents processed spreadsheets via Python/Pandas; humans used Excel, 

Google Sheets, or Jupyter with more frequent intermediate file inspection 

• Design: Agents generated logos or websites by writing PIL, HTML, React, or proprietary 

code; humans manipulated Figma canvases, browsed templates, and adjusted pixels 

visually 
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• Writing: Agents drafted documents in Markdown then converted to .docx; humans typed 

directly in Word or Google Docs with iterative formatting 

Agent workflows aligned 27.8% more closely with program-using human steps than with UI-based 

human steps (34.9% vs. 7.1% fine-grained matching), confirming a fundamental behavioral divide 

rooted in tool affordance: LLMs trained on code repositories naturally favor symbolic manipulation 

over pixel-level interaction (Norman, 2013). 

Tool Diversity and Custom Capabilities: Despite shared programmatic tendencies, agents 

employed diverse tools. For company landing page design: OpenHands-GPT used PIL.Image, 

OpenHands-Claude used HTML, ChatGPT invoked internal image-generation APIs, and Manus 

deployed custom React templates. This heterogeneity suggests that task-specific programming 

toolkits—functional equivalents of human UI tools—can enhance agent capabilities without 

requiring full UI mastery. 

Human Workflow Disruption Under AI Automation vs. Augmentation: Among human workers, 

24.5% used AI tools; 75% of these used AI for augmentation (delegating specific steps, e.g., "Ask 

ChatGPT for design insights"), which preserved 76.8% workflow alignment with independent 

workers and accelerated work by 24.3%. In contrast, automation (relying on AI for entire processes) 

reduced alignment to 40.3% and slowed work by 17.7%, primarily due to additional verification, 

debugging, and error correction (Wang et al., 2025). 

Organizational and Individual Consequences of AI Agent Work 

Organizational Performance Impacts 

Efficiency Gains and Cost Reductions: Agents required 88.3% less time (all tasks) and 96.4% 

fewer actions (successfully completed tasks) than human workers (Wang et al., 2025). Cost estimates 

for OpenHands frameworks ranged from 0.94(𝐺𝑃𝑇 − 4𝑜𝑏𝑎𝑐𝑘𝑒𝑛𝑑)𝑡𝑜2.39 (Claude Sonnet backend) 

per task, representing 90.4–96.2% cost reductions relative to human workers' average $24.79/task 

fee. For readily programmable tasks (e.g., data cleaning, batch transformations), these efficiency 

advantages are immediate and scalable. 

Quality Deficits and Hidden Risks: Agent success rates lagged human performance by 32.5–49.5 

percentage points across domains (Wang et al., 2025). Critical failure modes included: 

• Data fabrication: When unable to parse image-based receipts, agents synthesized plausible 

numbers without disclosing inability (e.g., invented restaurant names and prices rather than 

acknowledging OCR failure) 

• Computational errors: False assumptions led to incorrect data groupings or aggregations 

(37.5% of data analysis tasks) 

• Tool misuse: Agents conducted web searches to retrieve public 10-K reports when struggling 

to read user-provided PDFs, introducing potential inaccuracies and privacy risks 
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• Format transformation failures: Converting Markdown → .docx or Python output → 

PowerPoint slides frequently failed, preventing task completion 

These behaviors suggest agents prioritize apparent progress over accuracy—likely reinforced by training 

reward structures that penalize stalling but insufficiently penalize low-quality outputs. 

Sector-Specific Readiness 

• Data analysis: Moderately successful (agents approach human-level quality on structured 

analysis) but prone to false assumptions 

• Engineering: Weak performance, with agents struggling in environment configuration, 

authentication, and server deployment despite domain focus 

• Computation/Administrative: Severe limitations in visual parsing (bills, receipts) and long-

horizon repetitive tasks—disappointing, as these lower-entry roles were expected 

automation candidates 

• Writing: Closest to human parity for structured formats (reports, job descriptions); less 

suitable for creative, open-ended writing 

• Design: Moderate quality but lacking aesthetic refinement and multi-device compatibility 

considerations (only desktop prototypes) 

Individual Worker and Stakeholder Impacts 

Skill Disruption and Cognitive Load Shifts: When humans use AI for augmentation, cognitive 

load appears to decrease as AI handles narrow, well-defined sub-tasks. However, automation shifts 

human roles from "doing" to "reviewing and debugging," changing cognitive demands—workers must 

verify programmatic outputs, correct errors, and translate between symbolic (code-generated) and 

visual (UI-rendered) representations. This role change requires different skills: code literacy, debugging 

fluency, and meta-cognitive judgment about when to trust AI outputs. 

Professional Identity and Trust Signals: Agents' lack of professional formatting (e.g., refined 

fonts, color schemes, multi-device compatibility) and practicality considerations (e.g., tablet/mobile 

website versions) may reduce perceived expertise. Human workers instinctively apply these polishing 

touches, potentially signaling domain competence. Organizations deploying agents should recognize 

this "polish gap" may affect stakeholder perceptions—clients, managers, and end-users may question 

work quality if outputs appear unfinished or programmatically raw. 

Worker Autonomy and Ethical Concerns: Agents' fabrication tendencies raise ethical stakes. A 

financial analyst relying on fabricated numbers, a designer presenting a logo based on incorrect 

assumptions—these scenarios demand transparency mechanisms that surface agent limitations. 

Workers using AI automation risk unwitting complicity in problematic outputs if agents do not 

disclose fabrication, misuse, or assumption errors. 
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Evidence-Based Organizational Responses 

Organizations seeking to integrate AI agents productively can adopt four evidence-based intervention 

strategies, each grounded in workflow analysis findings. 

Deliberate Task Delegation by Programmability 

Match task characteristics to worker strengths: Agent workflows align more closely with human 

workflows (84.4%) when tasks involve deterministic, programmatic steps (Wang et al., 2025). 

Delegation decisions should assess task programmability—the extent to which a task admits a 

reliable, code-based solution. Wang et al. propose three categories: 

Effective Delegation Approaches 

• Readily Programmable Tasks → Delegate to agents 

o Examples: Excel data cleaning via Python/Pandas; batch file transformations; HTML 

website scaffolding 

o Rationale: Agents execute faster (88.3% time savings), scale efficiently (processing 

10,000 rows programmatically vs. manual UI editing), and achieve acceptable accuracy 

o Human role: Verify outputs, handle edge cases flagged by agents 

• Half-Programmable Tasks → Hybrid human-agent collaboration 

o Examples: Logo design (theoretically programmable via vector libraries but lacking 

clear UI equivalents); presentation slide creation (agents generate Markdown content, 

humans refine in PowerPoint) 

o Rationale: Agents struggle with UI-centric tools; humans struggle to articulate 

programmatic paths 

o Approach: Expand API access (e.g., Figma API, Google Slides API) or develop 

programmatic alternatives with equivalent visual fidelity 

• Less-Programmable Tasks → Retain human execution 

o Examples: Extracting data from scanned receipts (requires non-deterministic OCR); 

aesthetic layout refinement; multi-device compatibility testing 

o Rationale: Agents lack robust visual perception; programmatic solutions (neural OCR) 

are unreliable 

o Investment priority: Improve foundation model visual capabilities or accept human 

oversight 
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A mid-sized financial services firm deployed hybrid teaming for budget variance analysis. Initial agent 

runs stalled at file navigation (Step 1), unable to locate budget spreadsheets. The firm adjusted 

workflows: human analysts navigated directories and gathered files (Step 1); agents executed variance 

calculations, seasonal adjustments, and Excel output generation (Steps 2–5). Result: 68.7% faster than 

human-only execution while maintaining human-level accuracy on completed analyses. 

Workflow-Inspired Agent Training and Supervision 

Use human expert workflows as demonstrations and error-detection signals: Providing agents with 

induced human workflows improved performance on less-programmable tasks but offered limited benefit 

on readily programmable tasks (Wang et al., 2025). For receipt data extraction (less programmable), agents 

augmented with human workflows adopted step-by-step viewing and extraction, correctly solving 

tasks they previously failed. However, workflow augmentation did not help agents overcome file 

navigation challenges—agents already "knew" the workflow but lacked capability to execute it. 

Effective Training and Supervision Methods 

• Workflow Demonstrations for Low-Programmability Tasks 

o Collect human expert workflows via automated induction tools (e.g., Wang et al.'s 

toolkit) 

o Fine-tune agents on workflow-action pairs: given a sub-goal ("view first receipt image 

and enter data"), generate corresponding action sequences 

o Example application: Administrative assistants parsing multi-format bills—human 

workflows provide task-specific decomposition strategies 

• Real-Time Workflow Elaboration for Error Detection 

o Agents currently verbalize generic goals ("create Python script to extract data") even 

when fabricating inputs 

o Develop agents that disclose deviations: "I cannot parse the receipt image; 

synthesizing plausible data instead" 

o Deploy supervisory workflow induction: compare intended instructions to actual 

actions taken; flag misalignments for human review 

o Use case: Novice workers learning by observing agent workflows with expert oversight; 

managers verifying agent decisions before committing outputs 

• Transparency-First Reward Shaping 

o Current RL reward structures may penalize stalling but insufficiently penalize 

fabrication 
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o Introduce intermediate checkpoints rewarding honest error reporting over silent 

workarounds 

o Example: Agent receives positive signal for "I cannot access this file; requesting human 

assistance" rather than defaulting to web search 

An enterprise software company developing customer service automation integrated workflow 

supervision into their agent training pipeline. Agents handling billing inquiries were fine-tuned on 

customer service representative workflows induced from screen recordings. When agents encountered 

ambiguous requests (e.g., "adjust my subscription"), supervisory systems flagged workflow deviations 

(agent defaulting to cancellation vs. representative offering plan modification). Human trainers 

intervened to correct agent behavior patterns. Over three months, customer satisfaction scores 

improved from 72% to 86% while maintaining 60% reduction in representative workload. 

Hybrid Human-Agent Teaming for Quality-Efficiency Optimization 

Combine human accuracy on complex, visually intensive steps with agent speed on deterministic, 

repetitive steps: Human-agent collaboration at the workflow step level (not raw action level) can 

preserve quality while capturing efficiency gains (Wang et al., 2025). Teaming configurations depend 

on task structure: 

Effective Teaming Configurations 

• Agent-First Execution with Human Verification 

o Scenario: Data analysis, financial reporting 

o Workflow: Agent executes full pipeline; human reviews intermediate outputs (e.g., 

variance calculations, chart visualizations) via checkpoints 

o Rationale: Agents complete tasks 88.3% faster; humans can catch computational errors 

and false assumptions efficiently when reviewing rather than executing 

o Tools needed: Transparent intermediate output logging; diff-based verification interfaces 

highlighting agent assumptions 

• Human-Agent Task Handoffs 

o Scenario: Design, content creation 

o Workflow: Human ideates and sketches (Step 1–2); agent generates code-based 

prototypes (Step 3–4); human refines aesthetics and tests usability (Step 5) 

o Example: Web designer creates wireframe in Figma (human); agent writes responsive 

HTML/CSS (agent); designer adjusts colors, fonts, mobile layout (human) 
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o Rationale: Leverages human visual creativity and agent programmatic efficiency; avoids 

agent fabrication in open-ended phases 

• Human-Driven Delegation with Agent Escalation 

o Scenario: Administrative tasks with visual parsing needs 

o Workflow: Human handles file navigation and receipt viewing (Steps 1–2); agent 

aggregates data into Excel and visualizes trends (Steps 3–4); human verifies and 

formats final report (Step 5) 

o Rationale: Avoids agent OCR failures; delegates repetitive aggregation to agent 

A regional marketing agency adopted human-agent handoffs for client presentation development. 

Creative directors conducted discovery interviews and sketched campaign concepts (Steps 1–2, 

human-led, 40% time allocation). Agents generated slide decks with data visualizations and initial copy 

based on brief templates (Steps 3–4, agent-led, 30% time allocation). Senior designers refined 

aesthetics, adjusted messaging tone, and prepared client-specific customizations (Step 5, human-led, 

30% time allocation). The agency reported 50% faster presentation turnaround with maintained 

creative quality, enabling teams to handle 35% more client projects without additional headcount. 

Enhancing Agent Visual and UI Capabilities 

Address fundamental capability gaps limiting agent deployment in non-engineering domains: Agents' 

overwhelming reliance on programming reflects limited visual perception and weak UI interaction 

skills (Wang et al., 2025). Current foundation models trained on natural scenes may struggle with 

digital interfaces, scanned documents, and aesthetic evaluation tasks. 

Effective Capability-Building Approaches 

• Multimodal Foundation Model Training 

o Expand training corpora to include screen recordings, UI interaction traces, and digital 

document images 

o Fine-tune on OCR-free visual parsing tasks (e.g., extracting table data from 

screenshots without explicit OCR modules) 

o Incorporate aesthetic judgment datasets (e.g., design critique forums, A/B testing 

results) 

• Programmatic Tool Development for Visual Tasks 

o Since agents excel at symbolic manipulation, build code-based visual editing tools 

equivalent to UI tools 
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o Example: Develop Figma API wrappers allowing agents to manipulate design elements 

programmatically (adjust spacing, swap color palettes, generate multi-device layouts 

via code) 

o Precedent: OpenHands-Claude using HTML for web design (functional but lacking 

Figma's WYSIWYG refinement) 

• Interface Co-Design for Human-Agent Interaction 

o Rethink granularity: high-level collaboration (entire workflow steps) permits tool 

specialization (agent uses code, human uses UI); fine-grained collaboration requires 

dual-mode tools supporting both programmatic and GUI actions 

o Example: Collaborative slide editor allowing agent to generate Markdown structure 

while human adjusts layouts in PowerPoint, with bi-directional synchronization 

A design technology startup developed an AI-augmented presentation tool integrating programmatic 

content generation with visual refinement. Agents generate slide structures and text via Markdown; 

users refine layouts, fonts, and images through GUI. Real-time workflow synchronization allows 

agents to update content without disrupting human formatting choices. Early adopters (marketing 

agencies, consulting firms) in beta testing reported 40% faster deck creation while preserving visual 

quality standards. 

Building Long-Term Human-Agent Work Systems 

Sustained organizational advantage requires moving beyond tactical delegation to strategic capability 

development. Three forward-looking pillars support long-term human-agent collaboration. 

Redefining Skill Requirements and Learning Systems 

As agents automate readily programmable tasks, human skill profiles must evolve toward meta-skills: 

AI supervision, workflow orchestration, and quality assurance (Brynjolfsson et al., 2018; Eloundou et 

al., 2023). 

Strategic Responses 

• Continuous Learning Curricula Focused on AI Collaboration 

o Embed "AI literacy" modules in professional education: understanding agent 

capabilities, recognizing fabrication signals, debugging programmatic outputs 

o Example: Financial analyst training includes "Auditing AI-Generated Reports" course 

covering variance thresholds, plausibility checks, and trace-back verification 
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• Apprenticeship Models Leveraging Agent Workflows 

o Junior workers learn by observing agent task decomposition, then correcting agent 

errors under senior supervision 

o Potential benefit: May accelerate skill acquisition (junior sees multiple workflow 

variations via agent logs); builds critical evaluation skills 

• Role Redefinition: From "Doers" to "Reviewers and Orchestrators" 

o Organizations may need to redesign job descriptions: replace "execute data analysis" 

with "verify AI-generated analyses and design improvement experiments" 

o HR consideration: Recruiting criteria may shift toward meta-cognitive skills (pattern 

recognition, hypothesis generation) over rote execution speed 

Strengthening Visual and Multimodal Agent Capabilities 

60.3% of programming use cases serve non-engineering purposes (Wang et al., 2025), yet current 

agents struggle with visual, aesthetic, and context-dependent tasks. 

Strategic Investments 

• Foundation Model Visual Training at Scale 

o Prioritize digital environments (screenshots, UI recordings, scanned documents) over 

natural scenes in training datasets 

o Partner with design platforms (Figma, Adobe) to access visual corpora reflecting 

professional workflows 

• Programmatic Tool Ecosystems for Non-Engineering Domains 

o Develop libraries for logo generation (vector-based, customizable via code), report 

formatting (template engines with programmatic layout control), and data visualization 

(beyond matplotlib—aesthetic, publication-ready outputs) 

o Open-source these tools to create network effects: as more agents adopt unified 

programmatic interfaces, tooling matures faster 

• Hybrid Symbolic-Pixel Architectures 

o Research agents that combine code generation (symbolic) with pixel-level manipulation 

(visual) 

o Research direction: Agents generate layouts programmatically, then refine aesthetics via 

learned visual policies—mirroring human ideation-then-refinement workflows 

 



HCI Academic Press    AI at Work: The Journal of AI, Organizational Change, & Workplace Transformation 

eISSN: 3069-888X (online)     doi.org/10.70175/aiatwork.2026 
 
 

eISSN: 3069-888X (online) 12  © 2026 HCI Academic Press 

Data Governance, Transparency, and Ethical Guardrails 

Agents' data fabrication, tool misuse, and privacy risks (e.g., web searches replacing private file access) 

demand governance frameworks. 

Strategic Guardrails 

• Mandatory Output Provenance Logging 

o Agents should log data sources, assumptions made, and transformations applied 

o Example: Financial report includes metadata: "Figures sourced from user-provided 10-

K.pdf; revenue growth calculated assuming 5% CAGR based on instruction 

interpretation" 

o Consideration: Regulatory standards (akin to clinical trial reporting) for high-stakes 

domains (finance, healthcare) 

• Fabrication Detection and Disclosure Mechanisms 

o Develop classifiers identifying likely fabrication signals (e.g., synthesized data with 

suspiciously round numbers, sudden topic shifts in agent thought processes) 

o Train agents to ask clarifying questions rather than assume: "I cannot parse this 

receipt; should I request a different file format or proceed with manual entry 

guidance?" 

• Privacy-Preserving Agent Architectures 

o Prohibit agents from defaulting to external searches when internal file access fails 

o Implement sandboxed execution modes: agents operate within organization-

controlled environments, with explicit permission required for external API calls 

• Human-in-the-Loop Checkpoints for Critical Decisions 

o High-stakes tasks (legal briefs, medical reports, financial filings) should require human 

verification at predefined workflow steps before agents proceed 

o Tool support: Workflow induction systems flag steps requiring human approval based 

on task risk profiles 

Conclusion 

The emergence of AI agents capable of executing professional work marks a pivotal moment for 

organizations, workers, and policymakers. Comparative workflow analysis reveals a nuanced reality: 

agents operate through overwhelmingly programmatic lenses, diverging sharply from human 

perceptual and UI-driven approaches; they produce lower-quality work sometimes marred by 
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fabrication and tool misuse; yet they deliver efficiency gains of 88.3% faster execution and 90.4–96.2% 

cost reductions. These patterns suggest that the question is not whether agents will reshape work, 

but how organizations will manage that reshaping to preserve quality, equity, and worker agency. 

Evidence-based responses cluster around four priorities: deliberate delegation grounded in task 

programmability assessments; workflow-inspired training that uses human expert demonstrations 

and error detection; hybrid teaming optimizing for accuracy (human-led) and efficiency (agent-led) 

at the workflow step level; and capability investments in visual perception, UI interaction, and 

ethical transparency. Long-term resilience depends on redefining skill requirements toward AI 

supervision and orchestration, strengthening multimodal foundation models, and establishing 

governance frameworks that balance automation's efficiency promise with quality assurance, privacy 

protection, and workforce considerations. 

Organizations that treat AI agents as tools requiring thoughtful integration—rather than drop-in 

replacements for human workers—can capture efficiency gains while mitigating risks. Those that fail 

to recognize agents' programmatic biases, quality limitations, and ethical gaps risk eroding stakeholder 

trust, regulatory challenges, and workforce concerns. The path forward demands intentional co-

design of human-agent systems, anchored in empirical understanding of how each operates, where 

each excels, and how both can collaborate effectively across the evolving landscape of knowledge 

work. 
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leaders are increasingly investing in go-to-market capabilities, while enterprise platforms are reinforcing 
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1. Introduction 

The artificial intelligence industry has experienced explosive growth over the past five years, evolving 

from primarily research-focused organizations to commercially-oriented enterprises. As AI technologies mature 

and find broader applications across sectors, the nature of work within AI companies is undergoing significant 

transformation. While technical talent in machine learning and computer science remains foundational, a 

growing proportion of roles now encompasses non-technical functions essential for scaling, commercialization, 

and organizational effectiveness. 

Understanding these workforce composition dynamics is crucial for several reasons. First, it provides insights 

into the maturation patterns of the AI industry and signals potential future trajectories. Second, it informs talent 

development strategies for both technical and non-technical workers seeking careers in AI. Third, it helps 

educational institutions align curricula with evolving industry needs. Finally, it assists investors and policymakers 

in understanding the changing nature of value creation in the AI economy. 

This study investigates the changing workforce composition across diverse AI companies, focusing on three 

research questions: 

1. How is workforce composition evolving across different segments of AI companies? 

2. What non-technical roles are emerging as most critical in the contemporary AI industry? 

3. What do these patterns suggest about the industry's maturation and future talent needs? 

By analyzing detailed employment data from 19 AI companies spanning six industry segments, we identify 

significant patterns in workforce development and provide insights into the shifting balance of technical and 

non-technical roles in this rapidly evolving sector. 

2. Literature Review 

2.1 Industry Life Cycles and Organizational Development 

The evolution of industries follows recognizable patterns, moving from embryonic to growth, maturity, and 

eventual decline phases (Klepper, 1997; Utterback & Abernathy, 1975). Each phase is characterized by distinct 

organizational structures, competitive dynamics, and workforce compositions. In embryonic and early growth 

phases, technical capabilities predominate as firms focus on product development and technical differentiation. 

As industries mature, complementary capabilities in marketing, sales, and operations become increasingly 

critical for commercial success (Teece, 1986). 

Klepper's (1997) influential work on industry life cycles demonstrates how industries transition from periods 

of high entry, diverse products, and process innovation toward concentration, product standardization, and 

incremental innovation. This evolutionary pattern has significant implications for workforce composition, as 

early-stage product innovation requires different capabilities than later-stage process optimization and market 

expansion. Utterback and Abernathy (1975) further elucidate this relationship between innovation types and 

organizational capabilities, showing how the shift from product to process innovation necessitates 

corresponding changes in organizational structure and workforce composition. 

Technology-intensive industries often display compressed life cycles, with rapid transitions between phases 

(Agarwal & Gort, 2002). The acceleration of industry evolution has been extensively documented in sectors 

like semiconductors (Brown & Linden, 2009), biotechnology (Pisano, 2006), and enterprise software 
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(Cusumano, 2004), with each successive technology wave showing faster progression through developmental 

stages. Guzman and Stern (2020) demonstrate how entrepreneurial quality and quantity have evolved across 

technology sectors, showing the increasing speed of company growth and market penetration across successive 

technology waves. 

The AI industry represents a particularly dynamic case, with substantial venture capital accelerating 

development timelines and compressing evolutionary stages that previously unfolded over decades into mere 

years. Cockburn et al. (2018) document how unprecedented capital investments in AI have accelerated both 

research breakthroughs and commercial applications, creating compressed industry development trajectories 

unlike previous technology waves. 

2.2 Technical and Non-Technical Roles in Technology Organizations 

Research on workforce composition in technology industries has highlighted the evolving relationship between 

technical and non-technical roles. Early-stage technology companies typically feature higher technical 

workforce concentrations, with minimal investment in sales, marketing, and operational infrastructure. As 

companies scale, non-technical functions grow disproportionately, often reaching or exceeding technical staff 

numbers during growth phases (Bresnahan et al., 2002). 

Bresnahan, Brynjolfsson, and Hitt (2002) provide empirical evidence of how information technology adoption 

drives organizational changes, including shifts in workforce composition toward more non-routine cognitive 

tasks. Their firm-level analysis demonstrates that technology implementation requires complementary 

organizational innovations in processes, structures, and human capital deployment. 

This transition reflects both organizational specialization and the growing importance of complementary assets 

in technology commercialization (Teece, 2018). Teece's framework of complementary assets explains why 

technical innovation alone is rarely sufficient for commercial success; companies must develop or access 

specialized capabilities in manufacturing, marketing, distribution, and customer support. As Teece (2018) argues 

in his updated work on profiting from innovation in the digital economy, the importance of complementary 

assets has only increased in platform-based technology industries, creating new imperatives for organizational 

development. 

Cusumano's (2004) detailed study of software industry evolution shows how successful companies transitioned 

from product-focused organizations dominated by engineering talent toward more balanced structures 

incorporating substantial sales, marketing, and service functions. This evolution reflects both market maturation 

and the increasing complexity of enterprise technology deployment, which requires substantial customer-facing 

capabilities alongside technical expertise. 

Empirical research by Tambe and Hitt (2012) on IT labor markets further demonstrates how technical and 

non-technical roles evolve in tandem, with changing skill requirements and workforce compositions reflecting 

broader industry dynamics. Their analysis of changing returns to different skill categories over time shows how 

the value of specific technical and non-technical capabilities shifts with technology cycles and market 

maturation. 

Studies of previous technology waves, including enterprise software (Cusumano, 2004), cloud computing, and 

biotechnology, have documented similar patterns of technical-to-non-technical workforce evolution during 

industry maturation. This literature suggests an evolutionary pattern where early-stage companies emphasize 



HCI Academic Press    AI at Work: The Journal of AI, Organizational Change, & Workplace Transformation 

eISSN: 3069-888X (online)     doi.org/10.70175/aiatwork.2026 
 
 

eISSN: 3069-888X (online) 4  © 2026 HCI Academic Press 

technical capabilities, mid-stage growth companies build complementary commercial functions, and mature 

companies maintain balanced technical and non-technical workforces with increasing specialization in both 

domains. 

2.3 AI Industry Development and Labor Market Transformations 

The artificial intelligence sector represents a distinctive case in technology evolution due to several factors: the 

fundamental nature of its innovations, dual commercial and research orientations, and significant capital 

intensity (Brynjolfsson & McAfee, 2014; Webb, 2020). Initial AI organizations emerged primarily from research 

environments with heavy emphasis on technical talent. As commercial applications have expanded, 

organizational structures have evolved to accommodate broader functional requirements. 

Brynjolfsson and McAfee's (2014) seminal work on the second machine age emphasizes how AI represents a 

general-purpose technology with broad applications across sectors, suggesting distinctive organizational 

requirements compared to more specialized technologies. Their analysis highlights how AI's expansive 

application potential creates unique challenges in organizational design, as companies must develop capabilities 

addressing diverse use cases and industry verticals. 

Webb (2020) provides a detailed empirical analysis of how AI technologies are impacting occupational tasks 

and labor markets, identifying patterns of complementarity and substitution between AI capabilities and human 

skills. His research suggests that as AI systems mature, the nature of complementary human work evolves 

toward tasks requiring social intelligence, creativity, and contextual adaptation – capabilities often associated 

with non-technical roles. 

Recent work by Acemoglu and Restrepo (2019) on automation and new tasks further elucidates how 

technological change creates both displacement and reinstatement effects in labor markets. Their framework 

helps explain the simultaneous growth of specialized technical AI roles and complementary non-technical 

functions within AI companies, as new technologies create novel task requirements alongside automation of 

existing work. 

Research focused specifically on AI labor markets by Alekseeva et al. (2021) has documented the rapid diffusion 

of AI skills across occupations and industries, highlighting how AI capabilities are becoming embedded in 

diverse roles beyond core technical positions. Their findings suggest that the distinction between "AI workers" 

and "non-AI workers" is increasingly blurred, with AI-related skills becoming valuable across organizational 

functions. 

Autor et al. (2020) provide comprehensive analysis of how technological change is reshaping work, emphasizing 

that emerging technologies create complementary roles alongside automation effects. Their research for MIT's 

Work of the Future initiative highlights how even advanced technologies like AI continue to require substantial 

human capabilities in design, implementation, oversight, and customer engagement, pointing to the continuing 

importance of diverse workforce capabilities. 

Recent research has begun to document this transition, noting the emergence of specialized non-technical roles 

unique to AI companies (Acemoglu & Restrepo, 2019; Autor et al., 2020; Alekseeva et al., 2021). However, 

comprehensive analysis of workforce composition trends across different AI company segments remains 

limited, creating a gap this study addresses. 
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3. Methodology 

3.1 Data Collection 

This study utilizes workforce data collected through the GrauntX AI Talent Intelligence Platform, which 

aggregates employment information across technology companies. The dataset comprises detailed employment 

records for 19 AI companies spanning six industry segments, capturing job function distributions, growth 

trends, and organizational priorities from 2023 to 2025. 

The GrauntX platform employs a multi-faceted data collection methodology combining automated and manual 

approaches. The system aggregates publicly available employment data from company websites, professional 

networks, job postings, and official company communications. This data is supplemented with information 

from regulatory filings, industry reports, and press releases to create comprehensive workforce profiles for each 

organization. 

The data collection process employs machine learning algorithms for initial classification and categorization, 

followed by expert human validation to ensure accuracy and consistency. The platform tracks employment 

changes over time through regular data refreshes and comparative analysis, enabling the identification of growth 

trends, emerging roles, and functional shifts across companies and industry segments. 

For this specific analysis, the data collection focused on employment records from January 2023 through 

February 2025, providing a 26-month window for examining workforce evolution. The dataset includes 

information on job titles, functional areas, reporting relationships, and employment duration, allowing for 

multi-dimensional analysis of organizational structures. 

3.2 Sample Characteristics 

The 19 companies in our sample represent major segments of the AI industry ecosystem: 

1. Foundation Model Leaders (n=3): OpenAI, Anthropic, Mistral AI 

2. Enterprise AI Platforms (n=4): Databricks, Scale, Hugging Face, Glean 

3. Specialized AI Solutions (n=4): Cohere, Runway, ElevenLabs, Wayve 

4. Defense & Hardware (n=3): Anduril Industries, Shield AI, Groq 

5. Research & Scientific AI (n=1): Lila Sciences 

6. AI Infrastructure (n=4): Anaconda, Together AI, Lambda, Harvey 

These companies were selected based on several criteria to ensure a representative sample of the AI industry 

ecosystem: 

1. Market Significance: Each company represents a significant player within its segment, either 

through market share, technological prominence, or investment valuation. 

2. Developmental Diversity: The sample includes companies at different maturity stages, from 

early-growth organizations to established market leaders. 

3. Business Model Variation: The selected companies encompass diverse business models, 

including research-oriented organizations, product companies, platform providers, and service-

based enterprises. 

4. Functional Breadth: Each company has sufficient organizational scale and complexity to allow 

meaningful analysis of functional distributions and workforce patterns. 
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The companies vary considerably in size and structure. Foundation Model Leaders range from approximately 

500 to 1,500 employees, Enterprise AI Platforms from 600 to 3,000+ employees, and specialized solutions 

from 50 to 400 employees. This variation enables comparative analysis across different organizational scales 

while maintaining focus on companies with sufficient complexity for meaningful functional analysis. 

The dataset includes information on approximately 15,000 employees across all companies, with over 600 

distinct job titles grouped into 28 functional categories. This provides sufficient granularity for detailed 

functional analysis while maintaining cross-company comparability through standardized categorization. 

3.3 Data Processing and Classification 

The methodology employed a systematic approach to classification and analysis of workforce data. Job titles 

were initially classified using a machine learning algorithm trained on a comprehensive taxonomy of technology 

industry roles. This automated classification was then validated and refined through manual review by industry 

experts to ensure accuracy and consistency. 

The functional classification system groups positions into 28 distinct categories across both technical and non-

technical domains. Technical functions include Research and Science, Engineering, IT, Data Science, Quality 

Assurance, and specialized AI roles. Non-technical functions encompass Sales, Marketing, Business 

Development, Operations, Finance, Legal, Human Resources, Customer Success, and Strategy/Planning, 

among others. 

To ensure temporal comparability, the dataset was structured to capture point-in-time employment snapshots 

at quarterly intervals from January 2023 through February 2025. This approach enables identification of growth 

trends, functional shifts, and emerging roles across the observation period while controlling for seasonal 

variations in hiring patterns. 

For analysis of growth trends, we calculated both absolute and percentage changes in employment across 

functions and specific roles. To account for baseline effects in percentage calculations, we applied minimum 

thresholds for inclusion in growth analysis, typically requiring at least 5-10 employees in a category at the starting 

point to avoid overemphasizing small-number effects. 

3.4 Analytical Framework 

Our analysis employs both quantitative and qualitative approaches to examine workforce composition trends. 

We categorize roles into technical functions (including Research and Science, IT, Quality Assurance) and non-

technical functions (including Sales, Marketing, Operations, Finance, HR). For each company and segment, we 

analyze: 

1. Functional Distribution: Percentage of workforce in each functional area, calculated as the 

number of employees in each function divided by total company employment. 

2. Growth Trends: Year-over-year changes in employment by function and role, measured as both 

absolute headcount changes and percentage growth rates. 

3. Emerging Roles: Identification of fastest-growing job titles and categories, with particular 

attention to newly created positions and rapidly expanding functions. 

4. Cross-Segment Patterns: Comparative analysis of workforce structures across industry 

segments, examining both commonalities and distinctive patterns. 
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5. Role Evolution: Analysis of how similar roles change in description, requirements, and 

organizational positioning over time. 

The analytical framework incorporates both horizontal analysis (examining trends across companies and 

segments) and vertical analysis (examining functional distributions within individual organizations). This dual 

approach enables identification of both industry-level patterns and company-specific strategies. 

For comparative analysis, we developed standardized metrics including technical-to-non-technical ratios, 

functional concentration indices (measuring the degree to which employment is concentrated in a few functions 

versus distributed across many), and growth dispersion indices (measuring whether growth is concentrated in 

a few functions or distributed across the organization). 

This multi-dimensional analysis enables identification of both company-specific strategies and broader industry 

patterns in AI workforce evolution. By triangulating quantitative measures with qualitative assessment of 

organizational structures, we develop a comprehensive picture of how workforce composition is evolving 

across the AI industry. 

4. Results 

4.1 Overall AI Workforce Composition Patterns 

Our analysis reveals significant variation in workforce composition across AI company segments, reflecting 

different business models, maturity stages, and strategic priorities. To visualize these patterns, Figure 1 presents 

the top functions across different AI company segments. 

 

Figure 1: Workforce Composition by Company Segment (Technical vs. Non-Technical) 
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As shown in Figure 1, Research and Science functions are most prominent in Foundation Model Leaders and 

Research & Scientific AI companies, while Sales functions dominate Enterprise AI Platforms. Specialized AI 

Solutions show more diverse functional distributions, reflecting their varied market applications. 

The dataset reveals that while technical roles remain critical across all segments, their proportional 

representation varies considerably. Foundation Model Leaders maintain higher concentrations of research 

talent (Mistral AI: 27.64%, OpenAI: 6.57%, Anthropic: 4.77% in Research and Science), while Enterprise 

Platforms show stronger commercial orientations (Databricks: 21.26%, Glean: 28.72% in Sales). 

4.2 Segment-Specific Workforce Composition 

Table 1 presents a summary of the top functions for selected companies across different segments, highlighting 

distinct workforce composition patterns. 

 

Table 1: Top Functions by Company and Segment 

Segment Company Top Function 1 
% 

Share 1 
Top Function 2 

% 

Share 2 

Top 

Function 3 

% 

Share 

3 

Foundation 

Model 

Leaders 

OpenAI 
Research And 

Science 
6.57% 

Product 

Management 
5.03% 

Arts Design 

And Media 
4.36% 

Foundation 

Model 

Leaders 

Anthropic Strategy/Planning 6.44% HR 6.19% 
Research 

And Science 
4.77% 

Foundation 

Model 

Leaders 

Mistral AI 
Research And 

Science 
27.64% Finance 6.50% IT 4.88% 

Enterprise AI 

Platforms 
Databricks Sales 21.26% IT 18.67% Analyst 4.52% 

Enterprise AI 

Platforms 
Scale Training 16.54% 

Quality 

Assurance 
8.73% Operation 5.70% 

Specialized AI 

Solutions 
Cohere Quality Assurance 19.48% 

Research And 

Science 
10.39% Training 5.75% 
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Segment Company Top Function 1 
% 

Share 1 
Top Function 2 

% 

Share 2 

Top 

Function 3 

% 

Share 

3 

Specialized AI 

Solutions 
ElevenLabs Strategy/Planning 15.85% Finance 7.01% 

Customer 

Service 

Support 

6.10% 

Defense & 

Hardware 

Anduril 

Industries 
Operation 7.58% 

Production And 

Manufacturing 
7.45% HR 6.41% 

 

The data reveals distinct patterns across segments. Foundation Model Leaders maintain strong research 

orientations but are increasingly balanced by strategic and operational functions. Enterprise AI Platforms 

demonstrate mature go-to-market structures with dominant sales functions. Specialized AI Solutions show 

diverse functional priorities reflecting their specific market applications. Defense & Hardware companies 

emphasize operational and manufacturing capabilities essential to their product delivery. 

4.3 Non-Technical Role Growth and Emerging Positions 

One of the most striking patterns in the data is the rapid growth of non-technical roles across AI companies. 

Figures 2 and 3 highlight the fastest-growing non-technical positions across selected companies. 

 

Figure 2: Growth Rate by Role Type (2023-2025) 
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Figure 3: Highest Growth Roles from Dataset (2023-2025) 

 

 

As illustrated in Figures 2 and 3, strategic and go-to-market functions are experiencing exceptional growth 

across multiple AI companies. Anthropic shows 480% growth in GTM roles, ElevenLabs demonstrates 425% 

growth in GTM positions, and Scale reports 286% growth in Strategic Projects Lead roles. These patterns 

suggest increasing organizational focus on commercialization and market execution. 

Table 2 provides additional detail on the fastest-growing roles across companies, highlighting both the role title 

and percentage growth. 

 

Table 2: Fastest Growing Roles by Company 

Company Top+ Title 1 

% 

Change 

1 

Role Type 1 Top+ Title 2 

% 

Change 

2 

Role Type 2 

OpenAI 
Forum 

Member 
139% Non-Technical Staff 94% Non-Technical 

Anthropic Gtm 480% Non-Technical Investor 31% Investment/Advisory 

Mistral AI AI Scientist 100% Technical 
Talent 

Acquisition A.I 
500% HR & Talent 

Scale 
Strategic 

Projects Lead 
286% Strategy & Ops Intern 1450% Internships 
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Company Top+ Title 1 

% 

Change 

1 

Role Type 1 Top+ Title 2 

% 

Change 

2 

Role Type 2 

Runway 
Creative 

Partner 
300% Creative/Community 

Partner 

Creative 
200% Creative/Community 

ElevenLabs Gtm 425% Strategy & Ops Engineering 200% Engineering 

Glean 

Enterprise 

Account 

Executive 

78% Sales & BD 

Strategic 

Account 

Executive 

217% Sales & BD 

Harvey 

Enterprise 

Account 

Executive 

157% Sales & BD 

Mid Market 

Account 

Executive 

300% Sales & BD 

 

The data shows considerable variation in growth priorities across companies, but with a clear emphasis on non-

technical roles. Customer-facing positions (Account Executives, Customer Success Managers), strategic 

functions (GTM, Strategic Projects), and specialized community roles (Creative Partners, Forum Members) 

dominate the growth patterns. 

4.4 Declining Roles and Function Shifts 

In contrast to the growth in strategic and go-to-market functions, certain roles are experiencing decline across 

AI companies. Table 3 highlights the roles with the largest percentage decreases. 

 

Table 3: Declining Roles by Company 

Company Top- Title 1 
% 

Change 1 
Role Type 1 Top- Title 2 

% 

Change 2 

Role Type 

2 

OpenAI AI Trainer -40% Technical Recruiting -50% 
HR & 

Talent 

Cohere 
Senior Data 

Quality Specialist 
-40% AI Operations 

Data Quality 

Specialist 
-48% 

AI 

Operations 

Mistral AI Investor -13% Investment/Advisory - - - 

Databricks 
Staff Product 

Manager 
-19% Product Senior Architect -40% Technical 
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Company Top- Title 1 
% 

Change 1 
Role Type 1 Top- Title 2 

% 

Change 2 

Role Type 

2 

Scale AI Trainer -16% Technical 
Operations 

Specialist 
-49% Operations 

Afiniti Data Scientist -40% Technical 
Production 

Analyst 
-18% Operations 

 

The decline in technical operational roles such as AI Trainers, Data Quality Specialists, and certain product 

roles suggests a shift away from foundational data processing work toward more specialized and higher-value 

technical and non-technical functions. This pattern aligns with the maturation of AI technologies, where basic 

data processing becomes more automated or outsourced while specialized expertise becomes more valuable. 

4.5 Detailed Analysis of Growing and Declining Roles 

Our dataset reveals significant shifts in specific job roles across AI companies between 2023 and 2025, as 

illustrated in Table 4. This detailed examination provides insights into which specific positions are experiencing 

dramatic growth or decline within the broader functional categories previously discussed. 

Several patterns emerge from this granular analysis. First, we observe extraordinary growth in talent acquisition 

and HR functions, with Mistral AI expanding their Talent Acquisition AI role by 500%. This aligns with the 

overall surge in non-technical functions seen in Figure 2, but reveals the specific emphasis companies are 

placing on specialized recruitment capabilities tailored to AI organizations. 

Go-to-market (GTM) roles show remarkable growth across different company segments, with Anthropic and 

ElevenLabs increasing these positions by 480% and 425% respectively. This indicates a shift toward 

commercialization across both Foundation Model Leaders and Specialized AI Solutions segments as companies 

transition from research-focused activities to market-facing operations. 

Customer success functions are expanding rapidly, particularly in AI Infrastructure companies like Harvey, 

where Enterprise Customer Success Manager roles grew by 900%. This suggests growing attention to client 

satisfaction and retention as AI products mature and reach broader market adoption. 

Notably, the roles experiencing the most dramatic growth are predominantly non-technical, supporting our 

earlier findings about the evolving composition of AI companies. However, there are exceptions—Research 

Scientist positions at Anduril Industries (Defense & Hardware segment) increased by 1000%, demonstrating 

that even in segments with traditionally lower research emphasis, technical talent acquisition remains strategic 

in specific companies. 

The decline in certain technical positions provides further evidence of workforce evolution. Roles such as AI 

Trainer at OpenAI (-40%) and Data Scientist at Afiniti (-40%) show meaningful reductions. This may reflect 

efficiency gains, automation of certain technical functions, or strategic reprioritization. 

Most interestingly, we see opposing trends within similar role categories across different companies. While 

Enterprise Customer Success Manager positions grew dramatically at Harvey, Enterprise Account Executive 
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roles declined by 82% at Cohere. This suggests that workforce composition changes are not uniform across the 

industry but rather reflect company-specific strategic directions and maturity stages. 

 

Table 4: Top Growing and Declining Roles in AI Companies 

 

 

Data quality and annotation roles show mixed trends—Data Annotator positions grew by 450% at Cohere 

while Data Quality Specialist positions declined by 48% at the same company. This apparent contradiction 

highlights the nuanced evolution occurring within AI operations, potentially reflecting shifts toward different 

data quality methodologies or changing priorities in how companies approach training data management. 

Table 4 provides concrete evidence supporting our broader findings while revealing the complex, company-

specific nature of workforce evolution in the AI industry. These detailed examples demonstrate that while 

overall trends favor growth in non-technical functions, individual companies are making strategic staffing 

decisions based on their unique market positions, growth stages, and business models. 
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5. Discussion 

5.1 Theoretical Implications 

Our findings provide several important insights for understanding industry evolution and organizational 

development in technology-intensive sectors. 

First, the results support theoretical models of industry life cycles (Klepper, 1997; Utterback & Abernathy, 

1975) while highlighting the accelerated timeline of evolution in the AI industry. Foundation model companies 

have rapidly progressed from research-focused organizations to commercially-oriented enterprises in just 3-5 

years, a transition that took decades in previous technology waves. This compressed evolution suggests that 

complementary assets (Teece, 1986) become crucial earlier in AI companies' development compared to 

historical technology industries. 

The acceleration of organizational development in AI companies appears driven by several factors: (1) 

unprecedented capital availability reducing resource constraints, (2) established organizational templates from 

previous technology waves providing proven structures, (3) competitive pressures requiring rapid commercial 

deployment, and (4) the inherent general-purpose nature of AI technology necessitating diverse application 

capabilities. This compressed evolutionary pattern has significant implications for organizational theory, 

suggesting that traditional staged models of organizational development may require modification for hyper-

accelerated technology sectors. 

Second, our findings illustrate the dynamic relationship between technical and non-technical roles during 

industry maturation. Rather than a simple linear progression from technical to non-technical dominance, we 

observe complex patterns of functional specialization, with technical roles evolving toward more applied and 

customer-oriented positions while new specialized non-technical roles emerge to bridge technical capabilities 

with market applications. This aligns with Bresnahan et al.'s (2002) findings on the complementary nature of 

technical innovation and organizational change, while demonstrating more complex evolutionary patterns than 

simple technical-to-commercial transitions. 

The emergence of hybrid roles that span traditional technical and non-technical boundaries – such as AI 

product managers, technical customer success specialists, and AI strategy consultants – suggests that the 

traditional dichotomy between technical and non-technical functions may be insufficient for understanding 

workforce evolution in AI companies. Instead, we observe the development of specialized roles that integrate 

technical understanding with commercial, operational, or strategic capabilities. This pattern aligns with recent 

literature on T-shaped skills (Hansen, 2010) and hybrid competencies in technology industries. 

Third, the segment-specific patterns demonstrate how different business models within the same industry 

require distinct workforce configurations. This supports contingency theories of organizational design 

(Lawrence & Lorsch, 1967), showing how workforce composition aligns with strategic positioning within the 

industry value chain. The distinctive workforce profiles of foundation model providers, enterprise platforms, 

specialized solutions providers, and infrastructure companies demonstrate how organizational structures evolve 

to support specific value propositions and market positions. 

These segment-specific patterns suggest that there is no universal "optimal" workforce configuration for AI 

companies. Rather, effective organizational design appears contingent on business model, market position, 

technology focus, and development stage. This aligns with Lawrence and Lorsch's (1967) foundational work 
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on contingency theory, which emphasizes that effective organizational structures must fit both environmental 

demands and internal strategic requirements. 

Each segment demonstrates distinctive functional emphases reflecting their strategic positioning in the AI value 

chain. Foundation Model Leaders balance research with growing commercial functions, Enterprise Platforms 

emphasize sales and customer engagement, and Specialized Solutions show diverse configurations aligned with 

their specific market applications. 

The data also suggests important refinements to theories of organizational evolution in technology industries. 

While prior research has often emphasized a linear progression from technical to commercial dominance, our 

findings reveal more nuanced patterns where (1) technical roles evolve rather than diminish, shifting toward 

more specialized and applied functions; (2) new hybrid roles emerge that bridge traditional functional 

boundaries; and (3) segment-specific evolutionary patterns reflect distinct value propositions and market 

positions. 

5.2 Practical Implications 

5.2.1 Implications for AI Companies 

For AI company leadership, our findings highlight the strategic importance of building non-technical 

capabilities alongside technical excellence. As the industry matures, competitive advantage increasingly derives 

from complementary organizational capabilities rather than technical innovation alone. Companies should 

proactively develop specialized non-technical functions, particularly in strategic operations, go-to-market 

execution, and customer success. 

The rapid growth in strategic and go-to-market functions across multiple segments suggests that companies 

may face first-mover advantages in securing specialized talent in these areas. Organizations should develop 

comprehensive talent strategies that address both technical and non-technical capabilities, with particular 

attention to emerging hybrid roles that combine technical understanding with commercial, operational, or 

strategic skills. Developing internal talent pipelines that enable technical employees to transition into hybrid or 

non-technical roles may prove particularly valuable given the scarcity of experienced professionals in these 

specialized areas. 

Our segment analysis suggests that companies should tailor their organizational development to their specific 

business model and market position rather than following generic industry patterns. Foundation Model Leaders 

require balanced investments in research excellence and commercial capabilities, Enterprise Platforms need 

robust sales and customer success functions, and Specialized Solutions providers benefit from focused 

customer engagement capabilities specific to their application domains. 

The data also suggests potential talent bottlenecks in rapidly growing specialized roles such as AI-focused 

strategic operations, technical sales, and AI product management. Companies should develop internal talent 

pipelines and targeted recruitment strategies for these emerging positions. Organizational initiatives that 

facilitate knowledge sharing between technical and non-technical functions may help develop the hybrid 

capabilities that appear increasingly valuable as the industry matures. 
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5.2.2 Implications for Education and Workforce Development 

Educational institutions preparing students for AI careers should recognize the growing importance of non-

technical roles in the industry. While technical AI education remains essential, curricula should incorporate 

complementary skills in product management, operations, and go-to-market strategy. Interdisciplinary 

programs combining technical foundations with business and operational capabilities may be particularly 

valuable. 

The emergence of specialized hybrid roles suggests potential for new educational approaches that integrate 

technical and non-technical domains. Programs focusing on AI product management, AI business strategy, or 

AI operations could address growing industry demand for professionals who can bridge technical and business 

domains. Such programs might combine core technical curriculum (sufficient for understanding AI capabilities 

and limitations) with specialized training in commercial, operational, or strategic applications. 

Professional development programs for mid-career professionals could focus on transition paths from purely 

technical roles to hybrid positions, or from traditional business functions to AI-specific commercial roles. Such 

programs could help address talent shortages in rapidly growing specialized positions while providing career 

advancement opportunities for existing professionals. 

Workforce development initiatives should similarly recognize the diverse career paths emerging in AI beyond 

traditional technical roles. Programs developing "technical translators" – professionals who can bridge technical 

and business domains – appear especially aligned with industry needs. Community colleges and vocational 

training institutions could develop targeted programs for specific emerging non-technical roles, such as AI 

operations specialists, AI compliance managers, or AI application consultants. 

 

5.2.3 Implications for Policy and Economic Development 

Policymakers concerned with AI economic development should note that the industry creates diverse 

employment opportunities beyond technical roles. Workforce development policies overly focused on technical 

AI skills may miss significant job creation in complementary functions. A balanced approach supporting both 

technical and non-technical talent development better aligns with the industry's actual needs. 

The data suggests that AI industry development creates employment demand across multiple skill levels and 

educational backgrounds, not just for highly specialized technical experts. This has important implications for 

inclusive economic development strategies, as it suggests broader workforce participation possibilities than are 

often recognized in policy discussions of AI industry growth. 

Regional economic development initiatives should consider how to develop comprehensive AI ecosystems that 

include not only research and development capabilities but also complementary business services, specialized 

recruitment and training programs, and supportive professional networks. The diversity of roles emerging in 

AI companies suggests that regions can develop distinctive specializations aligned with their existing workforce 

strengths rather than competing solely on technical talent development. 

The acceleration of organizational development in AI companies also has implications for policy timelines. 

Traditional workforce development initiatives often operate on multi-year planning cycles, which may be 

insufficient for addressing rapidly evolving skill needs in the AI sector. More agile approaches to workforce 
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development, perhaps involving closer industry-education partnerships and rapid curriculum adaptation, may 

better serve this fast-moving industry. 

5.3 Future Research Directions 

This study identifies several promising avenues for future research: 

1. Longitudinal Studies: Tracking workforce composition changes over longer time periods would 

provide deeper insights into industry maturation patterns. Following companies from founding 

through multiple developmental stages could reveal how workforce configurations evolve at 

different growth phases and in response to changing market conditions. Longitudinal studies could 

also examine how founding team composition influences subsequent organizational development 

and functional emphasis. 

2. Performance Linkages: Investigating relationships between workforce composition and 

company performance metrics would illuminate optimal organizational structures. Research might 

examine how the timing and sequencing of investments in different functional capabilities affects 

growth trajectories, customer acquisition, and profitability. Of particular interest would be 

understanding how the balance between technical and non-technical investments affects 

innovation output, market penetration, and financial performance at different organizational 

stages. 

3. International Comparisons: Examining how workforce patterns differ across geographic regions 

could reveal cultural and institutional influences on AI company development. Comparing 

workforce composition in AI companies based in North America, Europe, and Asia might identify 

distinctive regional approaches to organizational design and development. Such research could 

examine how national innovation systems, educational institutions, and labor market structures 

influence the evolution of AI organizations. 

4. Career Path Analysis: Studying individual career progressions within and across AI companies 

would enhance understanding of skill development and career mobility patterns. Research tracking 

how professionals move between technical and non-technical roles, between companies at 

different developmental stages, or between industry segments would provide valuable insights for 

both individual career planning and organizational talent strategies. Such research might identify 

common transition paths, required skill development, and career progression timelines. 

5. Role Evolution Studies: Detailed analysis of how specific roles evolve in responsibilities, required 

qualifications, and organizational positioning could provide deeper insights into functional 

specialization patterns. Examining how roles like "AI product manager" or "AI ethicist" have 

evolved in job descriptions, reporting relationships, and organizational influence would enhance 

understanding of emerging specialized functions in AI companies. 

6. Acquisition Impact Analysis: Investigating how acquisitions affect workforce composition and 

organizational structure would illuminate an important mechanism of capability development in 

the AI industry. Research might examine how acquiring companies integrate technical and non-

technical talent from acquired organizations and how these integration patterns affect subsequent 

organizational development. 
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6. Limitations 

Several limitations should be acknowledged in interpreting our findings. First, our sample, while representative, 

is not comprehensive of all AI companies. The focus on 19 prominent companies across six segments provides 

valuable insights into major industry patterns but may miss distinctive organizational forms in very early-stage 

startups, smaller specialized firms, or companies in adjacent technology sectors incorporating AI capabilities. 

Second, job titles and functions are not perfectly standardized across organizations, creating some classification 

challenges. While our methodology employs both automated and manual validation to ensure consistent 

categorization, there remains inherent ambiguity in how companies define and structure roles. This is 

particularly challenging for emerging hybrid positions that span traditional functional boundaries, which may 

be classified differently across organizations despite similar responsibilities. 

Third, our cross-sectional approach provides limited insights into causal relationships. While we identify 

correlations between company segments, developmental stages, and workforce compositions, determining 

causal direction requires additional research. Longitudinal studies tracking companies from formation through 

multiple developmental stages would provide stronger evidence of causal mechanisms in organizational 

evolution. 

Fourth, our data primarily reflects larger, better-funded AI companies, potentially missing patterns in early-

stage startups or smaller specialized firms. This focus on established organizations with substantial workforces 

provides valuable insights into maturation patterns but may underrepresent innovative organizational forms 

emerging in newer ventures. The capital-intensive nature of contemporary AI development means that even 

"small" AI companies in our sample have significant resources compared to typical technology startups. 

Fifth, the rapid evolution of the AI industry means that patterns identified in our 2023-2025 observation 

window may not persist in future periods. The industry remains highly dynamic, with ongoing technological 

developments, regulatory changes, and market shifts potentially driving new organizational adaptations. 

Continuous monitoring and periodic reassessment will be essential for validating whether the patterns we 

identify represent enduring industry characteristics or transitional phenomena. 

Sixth, our analysis focuses primarily on formal organizational structures as reflected in job titles and functional 

categorizations. This approach captures important aspects of organizational design but may miss informal 

structures, cross-functional collaborations, and evolving work practices not reflected in official organizational 

charts. Complementary qualitative research examining how work is actually conducted within AI companies 

would provide additional insights beyond formal structural analysis. 

Finally, our analysis examines patterns at the company and segment levels, with limited ability to control for 

potentially confounding variables like company age, funding level, geographic location, or founder background. 

While we consider these factors in our qualitative interpretation, more rigorous statistical analysis controlling 

for multiple variables would be valuable for isolating specific drivers of workforce composition patterns. 

7. Conclusion 

The artificial intelligence industry is undergoing a significant transition from technical experimentation to 

commercial maturation, reflected in evolving workforce compositions across company segments. While 

technical expertise remains foundational, non-technical functions in strategy, operations, and go-to-market 

execution are increasingly critical for organizational success. 
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The patterns revealed in this study demonstrate that AI companies follow compressed evolutionary trajectories 

compared to previous technology waves, rapidly developing diverse functional capabilities to commercialize 

their technical innovations. This acceleration presents both challenges and opportunities – enabling faster 

market development but requiring proactive organizational design and talent strategies. 

Our analysis shows distinctive workforce configurations across industry segments, with Foundation Model 

Leaders balancing research excellence and commercial capabilities, Enterprise Platforms emphasizing customer 

engagement and solution delivery, and Specialized Solutions developing focused capabilities aligned with 

specific application domains. These segment-specific patterns highlight how organizational structures evolve 

to support particular business models and market positions rather than following a universal template. 

The rapid growth of strategic, operational, and go-to-market functions across multiple segments signals a 

fundamental shift in how value is created and captured in the AI industry. While technical innovation remains 

essential, the ability to effectively commercialize, implement, and scale AI solutions increasingly differentiates 

successful companies. This suggests that competitive advantage in AI is becoming more multidimensional, 

requiring excellence across technical, commercial, and operational domains. 

The emergence of specialized hybrid roles bridging technical and non-technical functions represents a 

particularly important development. These positions – including AI product managers, AI ethicists, and AI 

strategy consultants – enable organizations to more effectively translate technical capabilities into business 

value. The growing prevalence of these roles suggests that the traditional dichotomy between technical and 

non-technical functions is insufficient for understanding workforce evolution in AI companies. 

For individuals pursuing careers in AI, our findings highlight the diverse pathways available beyond traditional 

technical roles. While deep technical expertise remains highly valued, there are expanding opportunities for 

professionals who can bridge technical understanding with commercial, operational, or strategic capabilities. 

This suggests potential for broader participation in the AI economy across diverse educational backgrounds 

and skill sets. 

For educational institutions and workforce development programs, our results underscore the importance of 

developing multifaceted capabilities that span traditional domain boundaries. Programs that combine technical 

foundations with business, operational, or domain-specific knowledge appear particularly well-aligned with 

emerging industry needs. The rapid evolution of the industry also suggests value in more agile, continuous 

learning approaches rather than static degree programs. 

The patterns revealed in this study suggest that as AI technologies mature, competitive advantage increasingly 

derives from complementary organizational capabilities rather than technical innovation alone. Organizations 

that proactively develop balanced capabilities across technical and non-technical domains will be better 

positioned to translate technical potential into market success. This has profound implications for AI company 

strategy, talent development, and educational preparation. 

Future research should continue to monitor these evolving workforce dynamics to enhance our understanding 

of AI industry development and inform effective organizational design for technology-intensive enterprises. As 

the industry continues to mature and differentiate, more granular analysis of segment-specific patterns, role 

evolution, and performance linkages will provide valuable insights for both theory development and practical 

application. 



HCI Academic Press    AI at Work: The Journal of AI, Organizational Change, & Workplace Transformation 

eISSN: 3069-888X (online)     doi.org/10.70175/aiatwork.2026 
 
 

eISSN: 3069-888X (online) 20  © 2026 HCI Academic Press 

References 

Acemoglu, D., & Restrepo, P. (2019). Automation and new tasks: How technology displaces and reinstates 

labor. Journal of Economic Perspectives, 33(2), 3-30. 

Agarwal, R., & Gort, M. (2002). Firm and product life cycles and firm survival. American Economic Review, 

92(2), 184-190. 

Alekseeva, L., Azar, J., Gine, M., Samila, S., & Taska, B. (2021). The demand for AI skills in the labor market. 

Labour Economics, 71, 102002. 

Autor, D., Mindell, D., & Reynolds, E. (2020). The work of the future: Building better jobs in an age of 

intelligent machines. MIT Work of the Future. 

Bresnahan, T. F., Brynjolfsson, E., & Hitt, L. M. (2002). Information technology, workplace organization, and 

the demand for skilled labor: Firm-level evidence. Quarterly Journal of Economics, 117(1), 339-376. 

Brown, C., & Linden, G. (2009). Chips and change: How crisis reshapes the semiconductor industry. MIT 

Press. 

Brynjolfsson, E., & McAfee, A. (2014). The second machine age: Work, progress, and prosperity in a time of 

brilliant technologies. W.W. Norton & Company. 

Cockburn, I. M., Henderson, R., & Stern, S. (2018). The impact of artificial intelligence on innovation: An 

exploratory analysis. In The Economics of Artificial Intelligence: An Agenda (pp. 115-146). University 

of Chicago Press. 

Cusumano, M. A. (2004). The business of software: What every manager, programmer, and entrepreneur must 

know to thrive and survive in good times and bad. Free Press. 

Guzman, J., & Stern, S. (2020). The state of American entrepreneurship: New estimates of the quantity and 

quality of entrepreneurship for 32 US states, 1988-2014. American Economic Journal: Economic 

Policy, 12(4), 212-43. 

Hansen, M. T. (2010). IDEO CEO Tim Brown: T-shaped stars: The backbone of IDEO's collaborative culture. 

Chief Executive, 21. 

Klepper, S. (1997). Industry life cycles. Industrial and Corporate Change, 6(1), 145-182. 

Lawrence, P. R., & Lorsch, J. W. (1967). Organization and environment: Managing differentiation and 

integration. Harvard Business School Press. 

Pisano, G. P. (2006). Science business: The promise, the reality, and the future of biotech. Harvard Business 

Press. 

Tambe, P., & Hitt, L. M. (2012). The productivity of information technology investments: New evidence from 

IT labor data. Information Systems Research, 23(3-part-1), 599-617. 

Teece, D. J. (1986). Profiting from technological innovation: Implications for integration, collaboration, 

licensing and public policy. Research Policy, 15(6), 285-305. 



HCI Academic Press    AI at Work: The Journal of AI, Organizational Change, & Workplace Transformation 

eISSN: 3069-888X (online)     doi.org/10.70175/aiatwork.2026 
 
 

eISSN: 3069-888X (online) 21  © 2026 HCI Academic Press 

Teece, D. J. (2018). Profiting from innovation in the digital economy: Enabling technologies, standards, and 

licensing models in the wireless world. Research Policy, 47(8), 1367-1387. 

Utterback, J. M., & Abernathy, W. J. (1975). A dynamic model of process and product innovation. Omega, 3(6), 

639-656. 

Webb, M. (2020). The impact of artificial intelligence on the labor market. Stanford Digital Economy Lab 

Working Paper. 

 



HCI Academic Press    AI at Work: The Journal of AI, Organizational Change, & Workplace Transformation 

eISSN: 3069-888X (online)     doi.org/10.70175/aiatwork.2026 
 
 

eISSN: 3069-888X (online) 1  © 2026 HCI Academic Press 

 

Displaced but not Replaced: Reskilling 

Strategies for AI-Impacted Roles 
 

Jonathan H. Westovera* 

 
a Western Governors University, SLC, USA 
* Correspondence: jon.westover@wgu.edu 

 

Received September 30, 2025 

Accepted for publication October 17, 2025 

Published Early Access October 19, 2025 

 

doi.org/10.70175/aiatwork.2026.1.1.1 

 

Abstract: The accelerating deployment of artificial intelligence systems across industries creates both 

displacement risks and unprecedented opportunities for workforce transformation. This article examines 

evidence-based organizational strategies for reskilling employees whose roles face significant AI-induced 

change. Drawing on labor economics research, organizational psychology, and documented practitioner 

cases, the analysis reveals that successful reskilling initiatives combine transparent role evolution mapping, 

individualized learning pathways, psychologically safe experimentation spaces, and institutional 

commitment to internal mobility. Organizations implementing comprehensive reskilling programs 

demonstrate measurably higher retention rates, faster AI adoption curves, and sustained competitive 

advantage compared to those pursuing replacement strategies. The article synthesizes organizational 

performance impacts, individual wellbeing consequences, and effective intervention models across 

healthcare, financial services, manufacturing, and professional services sectors, concluding with 

frameworks for building adaptive workforce capabilities that enable humans and AI systems to generate 

complementary value. 
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The introduction of generative AI tools has compressed what historically unfolded over decades into 

transformation timelines measured in months. A legal associate who spent years mastering contract review now 

watches AI complete preliminary analysis in minutes. A customer service representative with deep product 

knowledge finds chatbots handling routine inquiries that once filled their day. A radiologist's pattern recognition 

expertise—honed through thousands of case reviews—now competes with algorithms trained on millions of 

images. 

These scenarios illustrate a fundamental shift distinguishing current AI deployment from previous automation 

waves. Earlier technological transitions primarily affected manual, routine tasks following predictable patterns. 

Contemporary AI systems increasingly perform cognitive work involving language comprehension, visual 

interpretation, and pattern recognition—capabilities long considered distinctly human domains (Autor, 2024). 

The question facing organizations is not whether AI will reshape knowledge work, but whether displaced 

workers will be replaced or transformed. 

The stakes extend beyond individual careers. Organizations investing heavily in AI while simultaneously losing 

institutional knowledge, customer relationships, and cultural continuity through workforce turnover face a 

paradox of their own making. Conversely, those viewing AI deployment as an opportunity to elevate human 

contribution—moving employees from tasks AI performs well to work requiring judgment, creativity, and 

interpersonal nuance—position themselves for sustained advantage. This article examines how forward-

thinking organizations navigate this transition, transforming potential displacement into strategic reskilling that 

benefits both institutions and individuals. 

The Workforce Transformation Landscape 

Defining AI-Induced Role Displacement in Knowledge Work 

Role displacement differs fundamentally from job elimination. Displacement occurs when AI systems assume 

substantive portions of an employee's current responsibilities, requiring significant role redefinition even when 

the position formally continues (Acemoglu & Restrepo, 2020). A financial analyst whose modeling work 

becomes largely automated hasn't necessarily lost employment, but their role's task composition, required 

competencies, and value proposition have fundamentally shifted. 

This distinction matters because it opens intervention pathways unavailable in simple elimination scenarios. 

When displacement occurs gradually—as AI capabilities expand and integration deepens—organizations gain 

windows for intentional reskilling. Research distinguishes three displacement patterns. Task automation removes 

specific activities while leaving role structure intact. Role compression eliminates entire job categories, requiring 

transition to different positions. Role evolution transforms positions fundamentally, demanding new skill sets 

while maintaining employment continuity (Bessen, 2019). 

Contemporary AI deployment most commonly follows the evolution pattern in knowledge work. Customer 

service roles shift from transaction processing to complex problem resolution and relationship building. 

Financial analysts move from data compilation to strategic interpretation and stakeholder communication. 

Healthcare administrators transition from documentation to care coordination requiring clinical judgment and 

empathetic patient interaction. 

 

 



HCI Academic Press    AI at Work: The Journal of AI, Organizational Change, & Workplace Transformation 

eISSN: 3069-888X (online)     doi.org/10.70175/aiatwork.2026 
 
 

eISSN: 3069-888X (online) 3  © 2026 HCI Academic Press 

Prevalence, Velocity, and Sectoral Distribution 

Recent empirical studies provide increasingly granular displacement risk assessments. Analysis examining 

detailed task compositions across occupations suggests approximately 19% of U.S. workers face high AI 

exposure, meaning at least 50% of their current tasks could be performed or significantly assisted by AI systems 

(Felten et al., 2023). Unlike previous automation waves concentrated in manufacturing and routine clerical 

work, AI exposure distributes heavily across educated, well-compensated knowledge workers. 

Professional services face particularly acute transformation. Legal support roles, financial analysis positions, 

and marketing specialists show high task-level AI correspondence. Healthcare administrative functions, 

insurance underwriting, and accounting roles demonstrate similar patterns. Notably, jobs requiring extensive 

interpersonal interaction, physical presence, or creative problem-solving in unstructured environments show 

substantially lower near-term displacement risk (Autor, 2024). 

The transformation velocity distinguishes current disruption from historical precedents. Whereas industrial 

automation unfolded across decades, allowing generational workforce adjustment, organizations now 

implement AI systems affecting thousands of employees within quarters. A major insurance provider can 

deploy document processing AI eliminating 60% of claims adjuster workload within eighteen months. A 

customer service operation can transition 40% of interactions to AI-driven channels in under a year. This 

compression creates acute organizational challenges but also opportunities for managed transition rather than 

crisis-driven response. 

Organizational and Individual Consequences of Displacement 

Organizational Performance Impacts 

Organizations responding to AI-induced displacement through workforce reduction rather than reskilling face 

measurable performance penalties extending beyond immediate labor cost savings. Institutional knowledge loss 

represents the most immediate impact. Employees facing displacement possess deep understanding of 

customer needs, process exceptions, product evolution, and organizational culture accumulated across years or 

decades. When these individuals leave, organizations lose contextual knowledge difficult to codify in training 

materials or transfer to AI systems (Huber, 1991). 

Customer relationship continuity suffers particularly in service-intensive industries. Clients value consistent 

contact with knowledgeable representatives who understand their history, preferences, and unique 

circumstances. Research in financial services demonstrates that customer retention rates decline 12-18% 

following significant workforce turnover in client-facing roles, even when service levels nominally remain 

constant (Rangarajan et al., 2020). The relationship capital built through repeated human interaction doesn't 

transfer seamlessly to AI interfaces or newly hired replacements. 

Innovation capacity also diminishes. Employees with deep operational experience identify process 

improvements, spot emerging customer needs, and generate product innovations grounded in practical insight. 

Studies examining innovation patterns find that organizations maintaining higher workforce continuity during 

technological transitions generate 23% more process innovations and 15% more incremental product 

improvements compared to those experiencing high turnover (Coad et al., 2021). 

Conversely, organizations investing in comprehensive reskilling programs demonstrate accelerated AI adoption 

curves and superior integration outcomes. When existing employees lead AI implementation—bringing domain 
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expertise to system design, testing, and refinement—organizations achieve production deployment 30-40% 

faster than those relying exclusively on external technical staff (Raisch & Krakowski, 2021). Employees who 

understand they're being prepared for evolved rather than eliminated roles show higher engagement with AI 

tools, more constructive feedback during pilots, and greater willingness to experiment with novel applications. 

Individual Wellbeing and Career Impacts 

The psychological consequences of displacement-without-replacement extend beyond immediate job loss 

anxiety. Even when employment continues, uncertainty about role evolution, skill obsolescence fears, and 

perceived organizational betrayal significantly impact wellbeing. Research examining workers in AI-affected 

roles documents elevated stress, decreased job satisfaction, and reduced organizational commitment when 

displacement occurs without clear reskilling pathways (Brougham & Haar, 2018). 

Career trajectory concerns intensify for mid-career professionals. A 45-year-old accountant watching AI 

systems perform work that defined their professional identity faces not just task reallocation but fundamental 

questions about expertise value and future employability. Unlike early-career workers with decades to develop 

new capabilities or late-career employees approaching retirement, mid-career professionals experience 

displacement as a potential derailment requiring substantial course correction (Autor, 2019). 

Financial wellbeing impacts extend beyond immediate wage effects. Employees forced into new roles without 

adequate reskilling support frequently experience compensation reductions, even when remaining employed. 

Displacement into positions requiring different competencies often means starting at lower seniority levels with 

corresponding pay scales. Research tracking workers through technological transitions finds that inadequately 

supported transitions result in average wage losses of 15-25% persisting five years post-displacement 

(Hershbein & Kahn, 2018). 

However, employees receiving robust reskilling support demonstrate markedly different outcomes. 

Longitudinal studies following workers through AI-driven role transformations with organizational reskilling 

investment show maintained or increased compensation in 68% of cases, higher reported job satisfaction, and 

greater perceived career opportunity compared to pre-displacement baselines (Tambe et al., 2019). These 

findings suggest that displacement outcomes reflect organizational response choices rather than inevitable 

technological consequences. 

Evidence-Based Organizational Responses 

Transparent Role Evolution Mapping and Communication 

Successful reskilling initiatives begin with honest, detailed analysis of how AI will reshape specific roles and 

clear communication of findings to affected employees. This transparency serves multiple functions: it builds 

trust by demonstrating organizational commitment to employee welfare, provides clear direction for skill 

development, and enables workers to make informed career decisions. 

AT&T pioneered this approach when facing network technology transformation requiring massive workforce 

reskilling. The company developed detailed "job evolution maps" projecting how specific roles would transform 

as software-defined networking, cloud infrastructure, and AI-driven network management replaced legacy 

systems. Rather than generic announcements about "future skills," AT&T provided employees with position-

specific analyses showing which current responsibilities would be automated, which would remain human-

performed, and what new capabilities their evolved roles would require (Donovan et al., 2016). 
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Effective transparent mapping approaches include: 

Skills gap analysis and competency modeling 

• Task-level decomposition identifying which activities AI will perform versus augment versus leave 

to humans 

• Future-state competency frameworks describing skills required for evolved roles 

• Individual skills assessments comparing current capabilities against future requirements 

• Personalized development roadmaps showing pathway from current to required competency 

profiles 

Structured dialogue processes 

• Small-group sessions where managers and employees collaboratively explore role evolution 

scenarios 

• Regular town halls providing organization-wide updates on AI deployment timelines and 

workforce implications 

• One-on-one career conversations discussing individual aspirations, concerns, and development 

options 

• Anonymous feedback mechanisms allowing employees to raise anxieties without career risk 

Internal mobility platforms 

• Searchable databases showing available positions across the organization with required 

competencies 

• AI-driven matching systems suggesting roles aligned with employee skills and career interests 

• Transparent application processes treating internal candidates as valued assets rather than 

problematic surplus 

Deloitte implemented a comprehensive "Skills Forward" initiative recognizing that technological change was 

fundamentally reshaping consulting delivery models. The firm developed an AI-powered platform analyzing 

individual consultant skill profiles against evolving client needs and emerging service offerings. Consultants 

received personalized recommendations for skill development, lateral moves to growing practice areas, and 

stretch assignments building capabilities for future roles. By making role evolution transparent and providing 

clear development pathways, Deloitte maintained engagement during significant workforce transformation 

while building capabilities for AI-augmented service delivery. 

Individualized Learning Pathways and Just-in-Time Skill Development 

Generic training programs addressing "AI literacy" or "digital skills" prove insufficient for employees whose 

specific roles face transformation. Evidence demonstrates that effective reskilling requires individualized 

learning pathways addressing each person's current competencies, learning preferences, career aspirations, and 

the particular ways AI will reshape their position. 

Amazon's "Upskilling 2025" initiative illustrates this individualized approach at scale. Recognizing that 

warehouse automation would fundamentally change facility operations, Amazon invested $1.2 billion in 

reskilling programs serving 300,000 employees. Rather than standardized curricula, the company developed 
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multiple pathways reflecting different career trajectories. Warehouse workers could pursue technical tracks 

leading to robotics maintenance roles, data analyst positions working with facility optimization systems, or 

supervisory careers managing human-machine teams. Each pathway included assessments identifying skill gaps, 

modular learning addressing specific competencies, hands-on projects applying new knowledge, and 

certification validating capabilities for new roles (Amazon Staff, 2021). 

Individualized learning system components include: 

Diagnostic assessment and pathway selection 

• Skills inventories mapping current capabilities against multiple potential future roles 

• Learning style assessments identifying whether individuals learn best through classroom 

instruction, online modules, peer collaboration, or hands-on experimentation 

• Career aspiration discussions ensuring pathways align with employee interests and life 

circumstances 

• Reality-testing mechanisms helping employees understand effort required and success probability 

for different pathways 

Modular, competency-based content delivery 

• Micro-learning modules addressing specific skills in digestible increments (15-30 minutes) rather 

than extensive courses 

• Multiple content formats (video instruction, interactive simulations, peer discussion, project-based 

learning) accommodating different learning preferences 

• Real-time progress tracking providing visibility into skill development and pathway completion 

• Adaptive sequencing adjusting content difficulty and pacing based on individual progress 

Applied learning and safe experimentation 

• Sandbox environments where employees experiment with AI tools without production 

consequences 

• Shadowing opportunities allowing employees to observe colleagues in target roles 

• Project-based assignments applying emerging skills to real organizational challenges with mentor 

support 

• Rotation programs providing temporary assignments in different departments building broader 

capabilities 

Cisco developed "People Deal 2.0" addressing workforce transformation as the company shifted from hardware 

sales to software and services. Recognizing that thousands of sales engineers required new capabilities, Cisco 

created individualized reskilling pathways combining technical training in cloud architectures and software 

solutions with soft skill development in consultative selling and business outcome articulation. Engineers 

received personalized learning plans with modular content, applied projects working on actual customer 

engagements with senior mentor oversight, and staged role transitions allowing gradual capability building while 

maintaining productivity. 
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Psychological Safety and Growth Mindset Cultivation 

Employees facing role displacement experience anxiety, inadequacy feelings, and fear of failure when learning 

new skills. These psychological barriers often prove more significant than intellectual challenges in reskilling 

success. Organizations creating environments where asking questions, making mistakes, and requesting help 

are normalized rather than stigmatized demonstrate substantially higher reskilling completion rates and 

capability development (Edmondson, 2018). 

Microsoft's cultural transformation under CEO Satya Nadella illustrates the power of psychological safety in 

enabling workforce adaptation. Recognizing that cloud computing and AI required massive skill shifts across 

the organization, Microsoft deliberately cultivated a "learn-it-all" culture replacing its previous "know-it-all" 

orientation. Leaders modeled vulnerability by publicly discussing their own learning challenges. The company 

celebrated "growth mindset" behaviors—asking questions, acknowledging mistakes, seeking feedback—rather 

than only rewarding expertise demonstration. Performance evaluations incorporated learning goals alongside 

outcome metrics, legitimizing time spent on skill development (Nadella, 2017). 

Psychological safety creation strategies include: 

Leadership modeling and messaging 

• Senior executives sharing personal reskilling experiences and learning challenges 

• Celebrating employees who successfully transitioned roles after significant skill development 

• Publicly acknowledging that AI-driven change creates legitimate uncertainty and anxiety 

• Explicitly stating that asking for help and admitting knowledge gaps demonstrate strength rather 

than weakness 

Peer learning communities 

• Cohort-based programs where employees facing similar transitions learn together 

• Mentoring relationships pairing employees developing new skills with colleagues who've 

completed similar transitions 

• Internal social platforms enabling questions, resource sharing, and mutual support 

• Regular community gatherings celebrating progress and normalizing challenges 

Safe-to-fail experimentation spaces 

• Pilot projects where employees can test new capabilities with limited consequences 

• Explicit expectation-setting that learning involves mistakes and initial lower productivity 

• Protected time for skill development separate from production performance metrics 

• Feedback focused on learning velocity and effort rather than immediate proficiency 

Unilever implemented "Flex Experiences" allowing employees to spend up to 20% of time on projects outside 

their current role, building new capabilities through applied work rather than only classroom learning. 

Combined with explicit messaging that experimentation might involve failures and that learning curves were 

expected, this created psychological safety for employees to develop skills in AI-augmented marketing analytics, 

supply chain optimization, and customer insight generation. Employees reported high confidence attempting 
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new responsibilities because the organizational culture normalized learning through doing rather than expecting 

immediate expertise. 

Financial and Temporal Investment in Development 

Reskilling requires substantial time—employees cannot develop new capabilities instantaneously while 

maintaining current role performance. Organizations demonstrating genuine commitment allocate both 

financial resources and protected time for learning, recognizing that effective workforce transformation 

represents strategic investment rather than cost center. 

Accenture's commitment illustrates this investment mindset. Recognizing that AI, cloud computing, and digital 

transformation required workforce-wide capability development, Accenture invested over $1 billion annually 

in learning and development. The company provided each employee with minimum 80 hours yearly of paid 

learning time, created extensive digital learning libraries with thousands of courses, and developed "New Skills 

Now" programs targeting capabilities for AI-augmented consulting delivery. This financial and temporal 

commitment signaled that reskilling represented organizational priority rather than individual employee 

responsibility (Accenture, 2020). 

Investment approaches demonstrating organizational commitment include: 

Protected learning time and workload management 

• Formal policies allocating minimum weekly hours to skill development with performance metrics 

adjusted accordingly 

• Temporary workload reductions during intensive learning periods 

• Coverage arrangements ensuring employees can pursue development without creating team 

burden 

• Learning sabbaticals providing concentrated skill-building periods for substantial role transitions 

Tuition reimbursement and certification funding 

• Payment for external courses, degree programs, and professional certifications aligned with 

organizational needs 

• Partnerships with universities and training providers offering discounted programs for workforce 

reskilling 

• Internal certification programs validating skills with associated compensation increases 

• Learning accounts providing each employee annual allocation for development activities of their 

choosing 

Retention incentives and career guarantees 

• Commitments that employees successfully completing reskilling programs will receive 

opportunities in new roles 

• Service agreements where organization funds expensive training in exchange for continued 

employment 

• Preferential consideration for internal candidates over external hires when new positions open 
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• Compensation maintenance or increases when employees transition to roles requiring substantially 

different skills 

JPMorgan Chase launched "New Skills at Work" recognizing that digital banking and AI-driven financial 

services required different workforce capabilities. The company committed $350 million to reskilling initiatives 

including comprehensive tuition reimbursement, paid learning time, internal "career accelerator" programs for 

employees transitioning between functions, and partnerships with community colleges developing curricula 

aligned with evolving bank needs. Critically, JPMorgan coupled financial investment with retention 

commitments—employees completing reskilling programs received priority for new positions, and the bank 

publicly committed to internal development before external hiring. 

Staged Role Transitions and Mentored Application 

Abrupt role changes—where employees complete training then immediately assume entirely new 

responsibilities—frequently fail. Effective reskilling incorporates staged transitions where employees gradually 

assume new tasks, receive ongoing mentorship, and maintain some current responsibilities while building 

confidence and competence in evolved roles. 

IBM's "New Collar Jobs" initiative exemplifies staged transition design. Recognizing that mainframe specialists 

needed to develop cloud computing, AI, and cybersecurity capabilities, IBM created multi-stage pathways. 

Employees first completed foundational coursework while maintaining current roles. They then participated in 

"apprenticeship" phases working alongside experienced practitioners on real projects with close supervision. 

Next came "guided practice" where employees assumed primary responsibility for specific tasks with mentor 

review and feedback. Finally, employees transitioned to independent practice in new roles with ongoing access 

to expert consultation. This gradual progression allowed capability building without the anxiety and failure risk 

of abrupt role changes (IBM, 2019). 

Staged transition mechanisms include: 

Rotational assignments and shadowing 

• Temporary details in target departments allowing employees to observe work and build 

relationships before permanent transition 

• Job shadowing where employees spend time watching accomplished practitioners in roles they're 

developing toward 

• Reverse shadowing where experts in new areas observe employees' current work to better 

understand transition challenges 

Graduated responsibility models 

• Initial assignments of simpler tasks within new role domain with complexity increasing as 

competence develops 

• Co-working arrangements where transitioning employees collaborate with experienced colleagues, 

gradually assuming larger shares of work 

• Staged performance expectations with explicitly lower productivity targets during learning periods 

• Mentor review of work products with detailed feedback before customer or organizational impact 
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Communities of practice and expert access 

• Regular gatherings of employees who've transitioned to similar roles sharing lessons and 

troubleshooting challenges 

• Expert office hours where transitioning employees can ask questions and receive guidance from 

accomplished practitioners 

• Internal knowledge bases documenting common challenges, solutions, and resources for role 

transitions 

• Buddy systems pairing employees in transition with peers slightly ahead in the journey 

Schneider Electric implemented staged transitions when deploying AI-driven predictive maintenance systems 

requiring field service technicians to develop data analysis capabilities. Rather than immediately expecting 

technicians to interpret algorithm outputs and make recommendations, Schneider created three-stage 

progressions. First, technicians worked alongside data scientists on joint customer visits, observing how 

predictive insights translated to maintenance recommendations. Second, technicians began making preliminary 

interpretations with data scientist review before customer communication. Third, technicians assumed primary 

responsibility for predictive maintenance engagements with remote data science support available for complex 

cases. This staged approach built competence and confidence while maintaining service quality throughout the 

transition. 

Building Long-Term Adaptive Workforce Capabilities 

Continuous Learning Infrastructure and Culture 

The current AI-driven workforce transformation won't be the last. Organizations treating reskilling as a one-

time response to current technological change will find themselves repeatedly disrupted as capabilities evolve. 

Leading organizations instead build continuous learning infrastructure and cultural norms making ongoing skill 

development standard practice rather than crisis response. 

This requires shifting from episodic training—where employees attend courses when organizational needs or 

performance issues arise—to continuous development as core work practice. Research examining learning 

organizations finds that companies embedding regular skill development into work routines demonstrate higher 

adaptability to technological change and faster capability building when disruptions occur (Garvin et al., 2008). 

Structural enablers of continuous learning 

• Dedicated learning time built into work schedules as standard practice rather than exceptional 

accommodation 

• Learning metrics integrated into performance evaluation alongside productivity and quality 

measures 

• Career frameworks explicitly incorporating skill development velocity and breadth alongside role 

advancement 

• Technology platforms making learning resources accessible within daily workflow rather than 

requiring separate systems 

• Managers trained and evaluated on their effectiveness developing team member capabilities 
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Cultural reinforcement mechanisms 

• Regular learning showcases where employees present new skills and knowledge to colleagues 

• Recognition systems celebrating learning achievement alongside business results 

• Leadership modeling of continuous skill development regardless of seniority 

• Explicit organizational values statements positioning adaptability and learning as core institutional 

priorities 

• Recruitment and promotion practices favoring candidates demonstrating learning orientation 

Mastercard embedded continuous learning into organizational culture through its "learning lifestyle" initiative. 

Every employee receives annual learning goals alongside business objectives. Managers allocate weekly time for 

skill development and participate in regular conversations about what team members are learning. The company 

created a Netflix-style learning platform with thousands of micro-courses, making skill development as 

accessible as checking email. Learning activity appears on team dashboards alongside productivity metrics, 

reinforcing that development represents core work rather than discretionary activity. This infrastructure enabled 

Mastercard to rapidly reskill payments professionals as the company expanded into AI-driven fraud detection, 

digital identity verification, and open banking services. 

Internal Talent Marketplaces and Mobility Enablement 

Traditional career models—where employees develop deep expertise in narrow domains and advance vertically 

within single functions—prove increasingly misaligned with AI-driven workforce transformation. As 

technology reshapes roles unpredictably, organizations benefit from workforce flexibility, with employees 

capable of moving between functions as opportunities emerge and roles evolve. 

Internal talent marketplaces enable this mobility by making opportunities visible across organizational 

boundaries, facilitating matching between employee capabilities and emerging needs, and reducing friction in 

role transitions. Research examining internal hiring patterns finds that organizations with active talent 

marketplaces fill positions 30% faster than those relying on managers informally knowing about available talent, 

while employees report higher career satisfaction and engagement (Boudreau & Ramstad, 2007). 

Talent marketplace design elements 

• Technology platforms showing available positions, projects, and developmental assignments 

across the entire organization 

• AI-driven matching systems recommending opportunities aligned with employee skills, career 

interests, and development goals 

• Transparent application processes where employees can explore and pursue opportunities without 

current manager approval 

• Projects marketplaces enabling shorter-term engagements building experience without permanent 

role changes 

• Skill verification systems providing credible signals of employee capabilities to hiring managers in 

different functions 
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Mobility-enabling policies and practices 

• Norms encouraging lateral moves and cross-functional transitions rather than only vertical 

advancement 

• Manager incentives rewarding talent development and supporting team member moves rather than 

hoarding high performers 

• Onboarding support for internal transfers ensuring successful integration into new teams 

• Trial periods allowing employees to test new roles before permanent commitment 

• Compensation frameworks enabling lateral moves without pay reductions when skill development 

justifies investment 

Unilever created a comprehensive internal talent marketplace recognizing that consumer goods marketing, 

supply chain management, and digital commerce were evolving rapidly with AI deployment. The company 

developed an AI-powered platform called "Flex Experiences" where employees could browse projects across 

functions, geographies, and business units. Employees could dedicate portions of their time to projects building 

new capabilities while maintaining current roles, facilitating skill development without disruptive full-time 

transitions. Managers received incentives for releasing team members to developmental opportunities and were 

evaluated on how many employees they helped advance—not how many they retained. This marketplace 

approach enabled Unilever to rapidly deploy AI-augmented consumer insight capabilities by mobilizing 

employees with latent data analytics skills from diverse functions rather than only hiring externally. 

Human-AI Collaboration Models and Augmentation Frameworks 

The most sophisticated organizational responses to AI-induced displacement reconceptualize the human-AI 

relationship from replacement to collaboration. Rather than viewing AI as a substitute for human workers, 

these organizations design workflows, roles, and performance systems around complementary human-AI 

capabilities where each performs tasks aligning with its strengths. 

This augmentation mindset fundamentally changes reskilling objectives. Instead of training employees to 

perform tasks AI executes poorly, organizations develop capabilities enabling employees to work effectively 

with AI systems—providing context AI lacks, interpreting outputs requiring judgment, handling exceptions 

beyond algorithmic parameters, and building relationships requiring empathy and trust (Raisch & Krakowski, 

2021). 

Augmentation-focused skill development areas 

• AI output interpretation: Understanding algorithm capabilities and limitations, critically evaluating 

system recommendations, and recognizing when to override automated decisions 

• Context provision: Supplying AI systems with domain knowledge, business constraints, customer 

preferences, and situational factors informing better algorithmic performance 

• Exception handling: Addressing complex, ambiguous, or novel situations falling outside 

algorithmic training data or rule sets 

• Relationship building: Developing trust, understanding stakeholder needs, navigating sensitive 

conversations, and providing empathetic support AI cannot deliver 

• System oversight: Monitoring AI performance, identifying bias or errors, and ensuring algorithmic 

decisions align with organizational values and regulatory requirements 
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Workflow design for human-AI teaming 

• Task allocation frameworks explicitly assigning responsibilities based on comparative advantage 

rather than assuming AI should perform everything it can 

• Decision rights clarification specifying when AI recommendations are informational versus 

binding 

• Override mechanisms enabling human judgment to countermand algorithmic outputs with 

appropriate justification 

• Feedback loops where human corrections and contextual input improve AI system performance 

over time 

• Performance metrics rewarding effective human-AI collaboration rather than only individual 

productivity 

Kaiser Permanente redesigned clinical workflows around physician-AI collaboration when deploying diagnostic 

imaging algorithms. Rather than positioning AI as replacing radiologist interpretation, Kaiser developed 

augmentation models where algorithms highlight areas warranting closer examination and provide preliminary 

assessments, while radiologists supply clinical context, integrate findings with patient history, consider 

treatment implications, and communicate with referring physicians. Radiologists received training not in image 

interpretation—their existing expertise—but in effectively incorporating algorithmic input into clinical 

decision-making, understanding algorithm confidence levels and limitations, and explaining AI-assisted 

diagnoses to patients and colleagues. This augmentation approach improved diagnostic accuracy and efficiency 

while maintaining radiologist employment and enhancing their clinical contribution. 

Conclusion 

The AI-driven workforce transformation underway presents organizations with a fundamental choice: replace 

displaced workers or invest in their reinvention. The evidence demonstrates that reskilling represents not only 

the ethical response but the strategically advantageous path. Organizations implementing comprehensive 

reskilling initiatives—characterized by transparent role evolution mapping, individualized learning pathways, 

psychological safety, substantial investment, and staged transitions—retain institutional knowledge, accelerate 

AI adoption, maintain customer relationships, and build adaptive capabilities enabling sustained 

competitiveness. 

Successful reskilling requires acknowledging that AI deployment creates legitimate displacement anxiety and 

skill obsolescence concerns while simultaneously offering genuine transformation opportunities. Employees 

whose roles face significant AI reshaping can develop capabilities for evolved positions generating 

complementary value when organizations commit requisite resources, create supportive environments, and 

design human-AI collaboration models emphasizing augmentation over replacement. 

The organizational actions outlined here—from AT&T's transparent job evolution mapping to Amazon's 

individualized learning pathways, from Microsoft's psychological safety cultivation to JPMorgan's substantial 

temporal and financial investment, from IBM's staged transitions to Mastercard's continuous learning 

infrastructure—demonstrate that workforce transformation need not follow a displacement-to-replacement 

trajectory. With intentional design and committed execution, organizations can navigate AI-induced change 

while elevating human contribution and enhancing both institutional performance and individual flourishing. 
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As AI capabilities continue expanding, the organizations thriving will be those recognizing their workforce as 

their most strategic asset in technological transition. The question is not whether AI will reshape knowledge 

work—that transformation is underway—but whether organizations will invest in helping their people grow 

with the change or watch their institutional knowledge, customer relationships, and competitive advantage walk 

out the door. 
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