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Table A1: Review of recent literature related to AI and the future of work
	S. No.
	Source
	Key Findings
	Theoretical Framework
	Methodology

	1
	Amankwah-Amoah et al. (2024)
	Synthesizing industry trends, the study suggests GenAI boosts creativity in creative industries but raises concerns around authenticity, copyright, and regulatory frameworks.
	—
	Conceptual

	2
	Bankins & Formosa (2023)
	Drawing on the Job Characteristics Model and AI4People framework, this paper explores AI’s impact on meaningful work across five dimensions and three modes of deployment (task replacement, machine tending, skill amplification).
	Job Characteristics Model, AI4People
	Conceptual Paper

	3
	Bankins et al. (2024)
	A systematic literature review clarifies conflicting discourse on AI at work, focusing on implications for fairness, diversity, and decision-making in organizational AI adoption.
	—
	Conceptual Study - Literature Review

	4
	Benbya et al. (2024)
	A conceptual paper outlines GenAI's transformative impact on knowledge work through creativity automation, modal conversion, and machine creativity.
	—
	Conceptual Paper

	5
	Braganza et al. (2021)
	A survey of 232 respondents using PLS-SEM reveals that AI adoption disrupts traditional psychological contracts, creating an “alienational” contract that weakens job engagement despite improving trust relationships.
	—
	Empirical - Quantitative

	6
	Brynjolfsson et al. (2025)
	An RCT with 5,172 customer service agents using OLS and difference-in-difference methods shows AI boosts productivity by 15%, especially for less experienced and international agents. Gains include faster resolutions, multitasking, and fluency.
	—
	Empirical - Quantitative

	7
	Dwivedi et al. (2024)
	A conceptual paper argues ChatGPT augments, but does not replace, hospitality workers, shifting them toward more meaningful customer-facing roles and improving job enrichment.
	—
	Conceptual

	8
	Fügener et al. (2021)
	Using models, experiments, and simulations, the study shows AI improves accuracy but reduces individual uniqueness, undermining the wisdom of crowds. Personalized AI advice is suggested as a solution.
	—
	Empirical - Multi-method

	9
	Hitsuwari et al. (2023)
	An experimental study with 385 participants using ANOVA found that haikus co-created by humans and AI were rated more aesthetically pleasing than those generated solely by humans or AI. Participants struggled to identify the source of authorship.
	—
	Empirical - Quantitative

	10
	Huang et al. (2019)
	Analysis of U.S. O*NET data (2006-2016) shows AI is taking over analytical tasks, while humans increasingly focus on emotional and interpersonal work, aligned with the “Feeling Economy.”
	—
	Empirical - Quantitative

	11
	Hui et al. (2024)
	A difference-in-difference study of ~80,000 Upwork freelancers (Jan 2022-Apr 2023) reveals a 2% decline in job volume and a 5.2% drop in earnings in AI-impacted roles post-ChatGPT launch.
	—
	Empirical - Quantitative

	12
	Jarrahi (2018)
	A conceptual analysis posits that humans and AI have complementary strengths in organizational decision-making: AI excels at analytical complexity, while humans navigate uncertainty with holistic intuition.
	—
	Conceptual

	13
	Jia et al. (2024)
	A field study of 3,144 customer interactions and 28 interviews finds AI-assisted agents demonstrate higher creativity and success, particularly among high-skill agents; lower-skill agents report increased stress.
	Job Characteristics Model
	Empirical - Mixed-method

	14
	Kemp (2024)
	A conceptual framework introduces “situated AI,” emphasizing grounding, bounding, and recasting as strategies for firms to develop competitive, firm-specific AI capabilities.
	—
	Conceptual Paper

	15
	Kolbjørnsrud (2024)
	A conceptual paper proposes six principles for effective human-AI collaboration: addition, relevance, substitution, diversity, collaboration, and explanation, supported by organizational examples.
	—
	Conceptual Paper

	16
	Kong et al. (2024)
	A two-wave survey of 407 hospitality workers analyzed with SEM finds AI-supported autonomy fosters innovation, especially when combined with AI trust and proactive personality traits.
	Self-Determination Theory
	Empirical - Quantitative

	17
	Langer & Landers (2021)
	A literature review of 59 studies finds that attitudes and behaviors toward AI decisions are influenced by system transparency and the degree of human control, especially among non-decision-makers.
	—
	Conceptual - Literature Review

	18
	Lebovitz et al. (2021)
	An 11-month ethnography with 22 interviews and tool evaluations reveals a gap between AI’s “know-what” and human expert “know-how,” cautioning against overreliance on training data.
	—
	Empirical - Qualitative

	19
	M. Nguyen et al. (2025)
	A survey of 272 employees finds that GenAI enhances knowledge sharing, resilience, and agility; emotional intelligence moderates its positive effect on resilience.
	Resource-Based View (RBV)
	Empirical - Quantitative

	20
	Ooi et al. (2023)
	A multidisciplinary analysis explores GenAI’s opportunities, risks, and research agendas across industries including marketing, healthcare, HR, education, IT, and sustainability.
	—
	Conceptual Paper

	21
	Peretz-Andersson et al. (2024)
	A multi-case study with 18 interviews across Swedish manufacturing SMEs identifies how SMEs can structure AI resources, coordinate processes, and empower skilled workers to achieve AI outcomes.
	Resource Orchestration Theory
	Empirical - Multiple-case Study

	22
	Ramaul et al. (2024)
	Based on 29 interviews with Finnish professionals, the study identifies six key affordances and three meta-affordances of ChatGPT that shape creative workflows. These include creation, enhancement, knowledge acquisition, automation, and contextual interaction.
	Theory of Affordances
	Empirical - Qualitative

	23
	Robertson et al. (2024)
	Using a constructivist lens, the study proposes AI prompting protocols for business managers, emphasizing learning through iterative engagement.
	Constructivist Theory
	Conceptual

	24
	Siemon (2022)
	Surveys (N=1,358) and nine expert interviews identify four human-AI team roles—coordinator, creator, perfectionist, and doer—informing effective hybrid team design.
	—
	Empirical - Mixed-method

	25
	Sowa et al. (2021)
	A multi-method study with 366 survey responses and six interviews shows collaborative AI—not automation—improves productivity. The study emphasizes the need for AI tool personalization and a collaborative approach to future work.
	—
	Empirical - Multi-method

	26
	Teng et al. (2024)
	A survey of 305 hospital employees analyzed with Hayes’s PROCESS shows AI awareness leads to work withdrawal via rumination and emotional exhaustion.
	Conservation of Resources Theory
	Empirical - Quantitative

	27
	Ulfert et al. (2024)
	A multilevel framework is proposed to understand trust dynamics in human-AI teams at the individual, dyadic, and collective levels.
	—
	Conceptual Study - Literature Review

	28
	W. Wang et al. (2024)
	A mixed-method study using 1.1M patient charts, interviews, and experiments shows AI increases productivity more for task-experienced than time-experienced workers due to trust-related concerns.
	—
	Empirical - Mixed-method

	29
	Webber (2024)
	This conceptual paper explores AI's role as a team intervention tool in Zoom, enhancing meeting efficiency, supporting leadership coaching, and balancing participation via real-time feedback and trend tracking.
	—
	Conceptual

	30
	Yin et al. (2024)
	Two experiments reveal that high-intelligence AI assistants improve innovation via enhanced self-efficacy, moderated by organizational AI readiness. Low readiness increases stress and hinders outcomes.
	Transactional Model of Stress
	Empirical - Quantitative



Table A2: Topic Modelling Output through LDA Mapped to Theoretical Factors with Explanations for Model Development
	Theoretical Framework
	Mapped Theoretical Construct
	Words
	Justification

	Theory of Sensemaking
	Envisioning
	good, work, use, help, thank, thing, student, think, know, free, problem, study, learn, perfect, world, bad, friend, knowledge, come, life
	The presence of words such as learn, study, life, knowledge, and future suggests that users perceive ChatGPT as a tool that enhances cognitive tasks, personal growth, and educational activities. These lexical patterns indicate how individuals mentally construct the anticipated value of ChatGPT in future-oriented scenarios. This aligns with the envisioning phase of sensemaking, where users draw upon internal cognitive framing to interpret how a technology can support life improvement, task efficiency, or knowledge expansion.

	 
	Revisioning
	need, well, time, response, try, fast, get, open, far, web, website, conversation, option, review, new, word, tell, user, update, phone
	Terms such as response, update, try, and review describe users' evolving interaction with ChatGPT. These expressions reflect iterative learning and continuous reassessment of the system’s performance and utility. This is indicative of the revisioning process in sensemaking, where users modify their understanding based on their experiences and performance feedback.

	Theory of Sensegiving
	Signalling
	great, helpful, amazing, nice, like, experience, feature, star, add, future, hope, accurate, history, log, available, browser, guy, especially, chat, picture
	Words such as feature, star, browser, and add highlight how users reference specific system functionalities to communicate perceived capabilities. These cues function as interpretive signals to others, showcasing the affordances and technological strengths of ChatGPT. These expressions reflect users' sensegiving signaling behavior, attempting to shape others' understanding through positive framing of system affordances and performance.

	 
	Energizing
	love, answer, useful, information, give, ask, awesome, want, question, excellent, way, app, find, provide, easy, answer_question, write, lot, easy_use, voice
	The frequent use of affect-rich and positively valenced terms such as love, awesome, excellent, and easy_use highlights the emotional engagement and motivational framing. These expressions are aligned with the energizing component of sensegiving, where persuasive language and affective enthusiasm are used to encourage adoption and reinforce shared beliefs about the technology’s value. This also reflects socio-emotional framing, where users influence peers by sharing transformative personal experiences with ChatGPT in a manner that supports trust, utility, and long-term use.






Table A3: Sub-Topics derived through LDA topic modelling for each theoretical factor
	Construct
	Mapped Factors
	Words
	Justification

	Envisioning
	Perceived Usefulness
	good, great, nice, useful, amazing, student, like, friend, world, well, experience, app, knowledge, use, see, far, future, response, job, think
	Words such as good, useful, knowledge, and job indicate that employees perceive ChatGPT as a practical and valuable tool for both professional and learning tasks. This aligns with the Perceived Usefulness construct from the Technology Acceptance Model (TAM), reflecting how users envision AI tools enhancing job performance and learning outcomes.

	 
	Cognitive Framing
	helpful, love, use, know, learn, bad, cool, ask, student, happy, understand, easy_use, answer_question, try, recommend, study, actually, add, guy, useful
	Terms like helpful, understand, and recommend reveal how employees cognitively frame GenAI tools as assistive knowledge partners. These tools support problem-solving and task mastery within workplace settings.

	 
	Task Characteristics
	help, work, thank, thing, use, answer, awesome, free, information, perfect, study, need, excellent, think, problem, give, life, easy, make, want
	Words such as help, work, and need illustrate various characteristics of tasks that encourage user engagement with AI tools to efficiently accomplish work goals. This highlights the role of technology in supporting critical workplace activities.

	Revisioning
	Adaptive Structuration
	good, need, great, answer, time, far, give, love, like, image, get, wait, response, ask, question, tell, try, amazing, information, pretty
	Words like try, answer, and ask suggest that employees adapt their use of AI tools iteratively, based on feedback and evolving task demands. This reflects a continuous sensemaking process where users adjust their understanding to better integrate AI into their workflows.

	 
	AI Mindfulness
	response, nice, great, information, helpful, provide, review, user, conversation, help, need, feature, recommend, experience, impressive, make, excellent, answer_question, useful, future
	Words such as review, conversation, and recommend indicate conscious evaluation and mindful engagement with AI-generated content. This aligns with the concept of AI mindfulness, emphasizing ethical, reflective, and purposeful use that fosters trust and effective collaboration in professional environments.

	 
	Task-Technology Fit
	well, fast, love, good, word, website, talk, amazing, super, feel, new, human, helpful, smart, awesome, easy_use, way, like, point, useful
	Terms like fast, smart, and human suggest that employees perceive a strong fit between AI capabilities and their work needs. These perceptions enhance ease of use and social interaction, reinforcing trust and reliance on AI teammates.

	 
	Problem-Solution Reframing
	work, use, time, try, open, option, phone, say, update, web, fix, start, issue, finally, help_lot, ask, problem, want, text, feature
	Words such as fix, problem, and help_lot demonstrate how employees reframe workplace challenges as manageable with AI assistance. This reflects resilience and a proactive approach to problem-solving.

	Signalling
	Trust and Credibility
	great, helpful, amazing, experience, love, accurate, important, outstanding, brilliant, future, help, content, answer, exam, exceptional, good, tool, mind_blow, information, easy_use
	Terms like accurate, outstanding, and exceptional show how employees signal the reliability and credibility of AI tools in their reviews. By highlighting trustworthy features, users influence peer perceptions and promote broader adoption in the workplace.

	 
	Peer Signalling
	good, picture, useful, give, save, error, add, edit, log, use, want, function, live, question, available, work, money, team, need, time
	Words such as save, error, and team reflect peer influence and social validation. These terms indicate that employees publicly share positive experiences, reinforcing collective trust and encouraging others to adopt AI tools.

	 
	Technological Affordance
	nice, like, helpful, bot, helper, picture, love, appp, impressed, plugin, answer, appi, editing, aap, app, real, provide_information, awesome, karo, llm
	The presence of words like plugin, editing, and provide_information emphasizes employees’ awareness of AI’s technological affordances. These references highlight actionable features that support productivity and demonstrate trust in AI as a capable workplace collaborator.

	 
	Value-Based Motivation
	amazing, feature, star, add, guy, future, chat, love, good, hope, thank, month, worth, work, voice, story, use, real, lot, require
	Words like hope, worth, future, thank, and amazing convey users’ value-based motivations and emotional satisfaction from using AI tools.

	Energizing
	Affective Commitment
	love, excellent, easy, fantastic, easy_use, superb, helpful, make, amazing, answer_question, totally, work, believe, sign, thank_team, quality, quick_response, response, change_life, user_friendly
	Affective expressions such as love, fantastic, and thank_team reflect strong emotional engagement. These sentiments energize others and promote positive advocacy for AI adoption among colleagues.

	 
	Social Influence
	useful, love, awesome, wonderful, app, helpful, information, great, easy_use, amazing, see, program, aap, nice, find, helpfull, people, thank, education, support
	Words like support, education, and people highlight the communal and social dimensions of AI usage. Peer encouragement and institutional trust play a crucial role in building shared beliefs and facilitating collective learning.

	 
	Innovative Design
	language, write, voice, want, way, awesome, wish, people, lot, good, technology, wrong, great, amazing, use, star, speak, help, able, feature
	Terms such as voice, language, and help suggest appreciation for inclusive and accessible AI design, while words like wish and wrong point to areas needing improvement.

	 
	Information Quality
	answer, give, information, ask, good, question, want, answer_question, provide, find, search, great, nice, helpful, way, need, correct, like, help, amazing
	Words like answer, correct, and provide demonstrate employees’ emphasis on information accuracy and transparency. These qualities are essential for informed decision-making and contribute to sustained trust in AI systems.





	1. Word Cloud Visualization of the Sub-Topic - 'Envisioning' 
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	2. Word Cloud Visualization of the Sub-Topic - ‘Signaling’ 
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	3. Word Cloud Visualization of the Sub-Topic - ‘Revisioning’
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	4. Word Cloud Visualization of the Sub-Topic  - ‘Energizing’ 
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Figure A4: Word cloud of keywords from topic modelling of each sub-topic mapped to theoretical factors


Table A5: Mapping of the 3E Framework Stages to Sensemaking-Sensegiving Processes
	3E Framework Stage
	Sensemaking–Sensegiving Process
	Core Constructs
	Theoretical Lens
	Expected Outcome

	Envision
	Envision
	Perceived Usefulness, Cognitive Framing, Task Characteristics
	TAM, Sensemaking, TTF
	Users cognitively frame GenAI as a purposeful tool aligned with their work task needs. Early sensemaking cultivates shared expectations and initiates a foundation for subsequent trust formation and peer sensegiving. (P1: Envision → Signaling)

	Evolve
 
	Signaling
	Trust and Credibility, Peer Signaling, Technological Affordance, Value-Based Motivation
	IS Continuance Theory, Signaling, SIT, Technology Affordance Theory, VAM
	Through trust-based communication and social signaling, users validate GenAI’s credibility and functional affordances. Collective interpretations evolve into shared norms that reinforce GenAI’s perceived reliability and usefulness. (P2a: Signaling → Revisioning, P2b: Signaling → User Engagement)

	
	Revisioning
	Adaptive Structuration, AI Mindfulness, Task–Technology Fit, Problem–Solution Reframing
	AST, IT Mindfulness, TTF, Sensemaking Theory
	Reflective engagement enables users to restructure workflows and mental models around GenAI affordances. This adaptive sensemaking enhances creative problem-solving and drives transformative innovation in task execution. (P3: Revisioning → Energizing)

	Engage
	Energizing
	Affective Commitment, Social Influence, Innovative Design, Information Quality
	SIT, UTAUT2, Technology Affordance Theory, ISS
	Emotional attachment and social validation foster sustained enthusiasm toward GenAI. Positive user experiences and high-quality interactions strengthen behavioral intention and institutional integration. (P4: Energizing → User Engagement)

	Feedback
	Feedback and Reinforcement
	—
	Sensemaking Cycles
	Iterative feedback consolidates experiential insights into organizational learning. This recursive cycle strengthens user–AI co-adaptation, informing new envisioning and reinforcing dynamic trust and affordance evolution. (P5a: User Engagement → Envisioning, P5b: User Engagement → Revisioning)





Table A6: Review of common models used for technology adoption in workplace along with their limitation
	Theory
	Source
	Workplace Relevance & Key Findings
	Limitations for GenAI

	TAM / TAM2 / TAM3
	Davis (1989); Venkatesh & Bala, (2008); Venkatesh & Davis (2000)
	Most cited framework for workplace adoption; explains how perceptions of usefulness and ease drive intention; extensions incorporate social and experiential moderators to capture richer adoption contexts.
	Linear and rationalist; assumes stable predictors; underexplains dynamic, recursive, and ethical evaluations involved in GenAI use.

	UTAUT / UTAUT2
	Venkatesh et al. (2003, 2012)
	High predictive power in workplace contexts; integrates organizational and social drivers; widely applied across enterprise systems.
	Predictive focus limits its ability to capture emergent reinterpretations and evolving trust in generative outputs.

	Innovation Diffusion Theory (IDT)
	 Miller (2015)
	Explains diffusion attributes across adopters; identifies conditions accelerating organizational adoption.
	Attribute/stage-based view overlooks continuous co-construction, ethical vigilance, and socio-emotional aspects of GenAI adoption.

	TTF
	Goodhue & Thompson (1995)
	Shows adoption and performance improve when technology features align with job tasks; useful for enterprise system design.
	Overemphasizes functional fit; less useful for emergent affordances, creativity, and iterative revisioning of GenAI outputs.

	ISS Model
	 DeLone & McLean (1992, 2003)
	Provides a multidimensional assessment of IS success and user outcomes; connects quality to net workplace benefits.
	Outcome-centric; neglects interpretive, iterative, and affective processes underlying GenAI sensemaking.

	AST
	DeSanctis & Poole (1994)
	Explains how appropriation and social context shape technology outcomes; highlights emergent patterns in organizational settings.
	Strong on social embedding, weaker on cognitive/ethical mindfulness, critical for GenAI interactions.

	Social Cognitive Theory (SCT)
	Bandura (1986, 2001); Wood & Bandura (1989)
	Demonstrates how learning, efficacy, and social modeling drive workplace adoption and skill development.
	Focuses on individual learning; underplays communal sensegiving, ethical scrutiny, and unpredictability of GenAI.

	Expectation-Confirmation Model (ECM)
	 Oliver (1980)
	Explains post-adoption satisfaction and continuance; applied to workplace IS continuance behavior.
	Assumes static expectations; GenAI adoption involves ongoing revisioning and contextual adaptation.

	Information Systems Continuance Theory (ISCT)
	 Hoehle et al. (2015)
	Extends ECM to explain long-term use and user retention in enterprise contexts.
	Overlooks iterative reinterpretation, affective attachment, and ethical vigilance central to GenAI use.

	Technology-Organization-Environment (TOE)
	Tornatzky et al.(1990)
	Explains organizational readiness and adoption decisions; useful for policy, governance, and strategic IS implementation.
	Macro-level lens misses micro-level cognitive, emotional, and ethical dynamics of GenAI adoption.

	Technology Affordance Theory
	Strong et al. (2025)
	Highlights how technology features enable or constrain actions; valuable for design and emergent uses.
	Affordances alone are insufficient to explain socio-cognitive and ethical negotiations around GenAI use.

	This study: Proposed 3E Framework (Envision-Evolve-Engage)
	Conceptualizes adoption as iterative socio-cognitive cycles; integrates cognitive, emotional, and ethical dimensions; rooted in large-scale user evidence.
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