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Abstract 

Purpose. Marketing organizations are moving from prompt-driven Generative Artificial Intelligence (Generative AI) 

toward agentic systems that plan, act, and adapt across multi-step tasks with limited human supervision. The scholarly 

literature on this transition is dispersed across marketing, information systems, and computer science, and it rarely 

distinguishes technological capability from the organizational conditions under which autonomous agents create 

legitimate and durable marketing value. This article critically reviews that relationship and develops a capability-based 

framework for autonomous marketing. 

Design/methodology/approach. The article is a critical narrative review rather than a systematic or empirical review. 

Google Scholar was the principal literature-discovery platform, supplemented by backward and forward citation 

searching, during July–August 2026. The review audits the 35 references in the source manuscript, retains all as 

traceable and topically relevant, and adds 8 supplementary scholarly sources identified through citation chaining, 

producing a cited corpus of 43 scholarly works. A structured narrative process covered identification, relevance 

screening, design-sensitive appraisal, thematic coding, and narrative synthesis. Dynamic capabilities theory structures 

the analysis. 

Findings. Agentic AI does not automatically improve marketing outcomes. Its value is contingent on an 

organizational capability-conversion process in which AI affordances are translated, through data infrastructure, 

analytical and creative skill, redesigned workflows, and governance, into accountable marketing routines. Evidence 

specific to Agentic AI in marketing remains overwhelmingly conceptual, vendor-authored, or transferred from 

adjacent domains such as personal selling and customer service; controlled, longitudinal, or audited evidence of 

autonomous-agent performance in marketing is scarce, and widely circulated efficiency and return-on-investment 

figures originate predominantly from industry and consultancy reports rather than peer-reviewed research. 

Originality/value. The review replaces a linear technology-adoption narrative with a capability-conversion 

explanation, separates reviewed evidence from proposed relationships, and contributes a four-stage evolutionary 

model, a governance-sensitive AI–capability–marketing relationship framework, and testable propositions 

distinguishing technological affordances from organizational capability, marketing practice redesign, and verified 

outcomes. 
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1. Introduction 

Artificial intelligence (AI) has progressed from a supporting analytical tool to a technology increasingly proposed as a 

strategic organizational capability in marketing, shaping customer relationship management, campaign optimization, 

demand forecasting, and personalized experience (Ma & Sun, 2020; Kaplan & Haenlein, 2019; Davenport et al., 

2020). Huang and Rust (2021) argue that AI increasingly complements or substitutes human intelligence across 

analytical, intuitive, and empathetic marketing tasks, altering the character of customer–firm interaction. This 

trajectory has moved through recognizable stages: rule-based automation for segmentation and email workflows 

(Haenlein & Kaplan, 2019); machine learning for prediction, recommendation, and churn management (Ma & Sun, 

2020; Erevelles et al., 2016); and, most recently, Generative AI built on transformer-based Large Language Models 

(LLMs), which can produce text, images, code, and multimedia content and sustain natural-language interaction 

(Bommasani et al., 2021; Dwivedi et al., 2023). 

Generative AI has measurably expanded what marketing technology can do — automated content production, 

conversational commerce, personalized advertising, and AI-assisted market research (Dwivedi et al., 2023; Mariani et 

al., 2022). Yet these systems remain fundamentally prompt-driven: a human specifies the objective, evaluates the 

output, and decides what happens next. Agentic Artificial Intelligence (Agentic AI) is presented in the emerging 

literature as the next stage in this evolution, integrating reasoning, planning, persistent memory, and tool use so that 

software agents can decompose a goal into subtasks, act through external systems, and adapt with comparatively little 

continuous human direction (Wang et al., 2024; Xi et al., 2023; Park et al., 2023). Industry and consultancy reports 

describe rapid experimentation with such agents across campaign orchestration, customer service, and sales workflows 

(Kim, 2025; Murugesan, 2025), but these accounts are not, by themselves, peer-reviewed evidence of marketing 

performance. 

The interest in Agentic AI has therefore outpaced the scholarship needed to evaluate it. Reviews of AI in marketing 

have concentrated on predictive analytics and Generative AI (Dwivedi et al., 2023; Vrontis et al., 2022; Huang & 

Rust, 2021), and closely related work on AI agents in personal selling and customer experience is only beginning to 

accumulate (Ledro et al., 2022; sales-agent research reviewed in Section 4). A parallel and more skeptical literature 

has emerged around the governance risks of increasing machine autonomy, cautioning that fully autonomous systems 

raise unresolved questions of accountability, explainability, and control (Mitchell et al., 2025; Murugesan, 2025). The 

central problem addressed here is therefore not whether marketing organizations are experimenting with agentic 

systems — they plainly are — but how, and under what organizational and governance conditions, agentic AI 

affordances are converted into legitimate, repeatable marketing capability rather than into ungoverned automation or 

unsubstantiated efficiency claims. 

1.1 Research gap and questions 

The literature presents four connected gaps. First, much of the discourse treats AI autonomy itself as the explanatory 

variable, describing what agents can technically do while saying comparatively little about the organizational routines 

— data governance, role redesign, human oversight — needed to convert that capability into marketing value. Second, 

adoption, continued use, workflow change, and verified benefit are frequently collapsed into a single claim of “AI-

driven performance,” obscuring which stage of implementation is actually being described. Third, the empirical base is 

thin and skewed: peer-reviewed, audited evidence of agentic-system performance in marketing is rare relative to the 

volume of conceptual papers, opinion pieces, and vendor or consultancy material in circulation. Fourth, responsible-AI 

governance for autonomous marketing agents — explainability, accountability, data protection across jurisdictions 
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such as the EU’s GDPR and India’s Digital Personal Data Protection regime — is typically discussed as an ethical 

add-on rather than as a condition for legitimate deployment. 

The review addresses the following questions: 

● RQ1: How has AI in marketing evolved from predictive and generative capability toward agentic 

autonomy in the scholarly literature? 

● RQ2: Which organizational capabilities and governance conditions enable or constrain the conversion 

of Agentic AI into marketing value? 

● RQ3: What can be concluded — and what cannot yet be concluded — about Agentic AI’s marketing 

performance from the available evidence? 

● RQ4: What theoretically grounded framework can guide implementation and future empirical testing? 

1.2 Novelty and contribution 

The contribution is more specific than pairing Generative AI with Agentic AI as sequential buzzwords. Theoretically, 

the review applies dynamic capabilities theory to explain how organizations sense which marketing decisions are 

suited to delegation, seize agentic affordances through bounded pilots, and reconfigure workflows, roles, and 

governance around them. Conceptually, it positions organizational capability — not agent autonomy alone — as the 

mechanism that converts AI affordances into marketing outcomes. Methodologically, it separates the small body of 

directly relevant, peer-reviewed evidence from the much larger volume of conceptual and industry commentary, and is 

explicit about that imbalance rather than citing vendor claims as though they were audited results. Practically, it 

proposes a staged capability framework in which data governance, human oversight, and accountability are designed 

in from the first pilot rather than added after deployment. 

2. Review Method 

2.1 Rationale for a critical narrative review 

This article adopts a critical narrative review because its purpose is explanatory and theory-building: to connect 

research streams that use different vocabularies and methods (marketing, information systems, and autonomous-agent 

computer science), evaluate the limits of their claims, and develop an implementation framework. The design is 

informed by the quality domains in the Scale for the Assessment of Narrative Review Articles (SANRA) (Baethge et 

al., 2019). 

A systematic literature review following PRISMA would be the appropriate design for an exhaustive, protocol-led 

answer to a narrowly bounded question with a stable, well-defined literature. Agentic AI in marketing does not yet 

meet that condition: terminology is unsettled, the peer-reviewed empirical base is small, and much of the visible 

discourse originates from preprints, conference proceedings, and industry publications rather than indexed journal 

databases that would support duplicate independent screening and a registered protocol. Claiming full PRISMA 

compliance without institutional access to bibliographic databases such as Scopus or Web of Science, and without a 

pre-registered protocol or independent dual screening, would overstate the reproducibility of the search. The critical 

narrative format is therefore the better fit: it allows the review to be transparent about what was actually done, to 

weigh conceptual and empirical sources differently, and to distinguish evidence from proposition without implying an 

exhaustiveness the search process cannot support. 

2.2 Google Scholar search and source identification 

Google Scholar was the principal platform used to identify literature, selected for its cross-disciplinary coverage of 

marketing, information systems, and computer science venues, including conference proceedings and preprints where 

a field is moving quickly. Searches were conducted during July–August 2026, with the final search performed on 6 
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August 2026. Its use is reported as a practical discovery strategy, not as evidence of exhaustive database coverage; 

publisher pages and DOI records were consulted only to verify bibliographic details after a source had been identified. 

The search was iterative, combining exact phrases, synonyms, and contextual terms with Boolean operators. The 

principal search strings were: 

● (“agentic AI” OR “AI agents” OR “autonomous AI”) AND (marketing OR advertising OR “customer 

experience”); 

● (“generative AI” OR “large language model” OR LLM) AND (marketing OR advertising); 

● (“artificial intelligence” OR AI) AND (marketing OR “customer relationship management”); 

● (“AI agent” OR “autonomous agent”) AND (sales OR “customer service” OR “customer journey”); 

● (“responsible AI” OR “explainable AI” OR accountability) AND (marketing OR “AI agents”); and 

● (“dynamic capabilities” OR “AI capability”) AND (marketing OR firm performance), together with 

targeted searches connecting “multi-agent systems” and “human-AI collaboration” to marketing and service 

contexts. 

The review began with all 35 reference entries in the source manuscript. Each was checked for a traceable title, 

complete authorship, outlet, year, and DOI or an equivalent stable identifier. All 35 were retained as bibliographically 

traceable and topically relevant; none were found to be fabricated, duplicated, or unrelated to the review questions. 

Google Scholar searching and citation chaining then identified 8 supplementary sources published through 2026 that 

were judged necessary to represent the specifically agentic (as opposed to generative) AI literature and the emerging 

governance debate around autonomous marketing systems, producing a cited corpus of 43 scholarly works. Backward 

searching examined the reference lists of retained sources; forward searching used Google Scholar’s “Cited by” 

function to locate later extensions and critiques. 

2.3 Eligibility and structured review process 

The review followed a structured narrative process of literature identification, relevance screening, critical appraisal, 

thematic coding, and narrative synthesis. It does not claim PRISMA compliance. Titles and available abstracts were 

first assessed against the review questions; potentially relevant works were then examined in full. 

Eligible sources were English-language peer-reviewed journal articles; books and technical reports from established 

academic or standards publishers; and, given the pace of development in this specific sub-field, a small number of 

widely cited preprints (e.g., arXiv) and editorial or call-for-research pieces in peer-reviewed marketing journals where 

they represented the only available scholarly treatment of a specific claim. Each such preprint or editorial is explicitly 

identified as such at first mention rather than presented with the same evidentiary weight as a peer-reviewed empirical 

study. Blogs, vendor white papers, and unreviewed industry reports were not treated as scholarly evidence; where 

industry figures are mentioned in Section 4, they are attributed to their source and flagged as unaudited. 

Table 1: Transparent review protocol 

Element Decision 

Review type Critical narrative review focused on theory development, conceptual 

integration, gap identification, and framework construction; no PRISMA 

claim. 

Discovery platform Google Scholar, supplemented by backward reference searching and Google 

Scholar forward-citation searching. 
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Element Decision 

Seed material 35 references in the uploaded manuscript; all 35 retained after traceability 

and relevance checks. 

Search period July–August 2026; final search completed on 6 August 2026. 

Supplementary 

identification 

Google Scholar searches and citation chaining; 8 sources added to the 

retained seed literature. 

Time coverage Primarily 2015–6 August 2026, with earlier seminal theory and foundational 

technical work retained. 

Inclusion English-language peer-reviewed articles; established academic books and 

technical reports; a small, explicitly flagged set of highly cited preprints and 

journal editorials where no peer-reviewed alternative existed. 

Exclusion Non-English publications; vendor white papers and unreviewed industry 

reports treated as evidence (rather than as flagged context); blogs; 

duplicates; untraceable citations; studies unrelated to marketing, AI 

capability, or agent governance. 

Appraisal Bibliographic traceability, fit between method and claim, distinction 

between conceptual and empirical contribution, and attention to limitations 

or ethics. 

Extraction Context, method, sample, theory, constructs, major findings, limitations, 

research gap, and managerial implications. 

Synthesis Thematic comparison organized by AI evolution, Agentic AI capability, 

marketing applications, governance, and evidence quality. 

2.4 Critical appraisal, coding, and synthesis 

No single appraisal instrument suits a corpus spanning conceptual articles, systematic reviews, technical surveys, 

preprints, and a handful of empirical studies. The review therefore used design-sensitive appraisal: empirical studies 

were assessed for sample transparency, context, measurement, and causal overreach; reviews and surveys were 

assessed for search transparency and the relationship between included studies and conclusions; conceptual and 

technical work was assessed for construct clarity and explanatory value. Preprints and editorial pieces were retained 

only where they represented a specific, otherwise-unavailable claim, and are flagged accordingly rather than silently 

blended with peer-reviewed findings. 

Data were extracted into a comparison matrix and coded around five questions: what technology or capability was 

examined; what mechanism was proposed; what outcome, if any, was reported; what evidentiary status the source held 

(peer-reviewed empirical, peer-reviewed conceptual, preprint, or industry report); and what inference was justified. 

Codes were compared across five themes — AI evolution, Agentic AI capability, marketing applications, governance 

and accountability, and evidence quality — before being integrated narratively. The synthesis deliberately separates 

association from causation, vendor claims from audited findings, and reviewed evidence from the propositions 

developed later in the article. 
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3. Theoretical Foundation: Dynamic Capabilities 

The resource-based view (RBV) treats valuable, difficult-to-imitate resources as a source of sustained advantage 

(Barney, 1991) and has been applied directly to AI adoption: Krakowski et al. (2023) show, using a chess-tournament 

setting, that AI adoption triggers interrelated substitution and complementation dynamics that can erode some human 

competitive capabilities while creating new ones. This is useful for explaining why analytical talent, creative expertise, 

and customer trust remain valuable marketing resources, but the RBV is less specific about how an organization 

renews those resources as agentic technology changes rapidly. 

AI-capability research offers a complementary, more operational lens. Mikalef and Gupta (2021) conceptualize 

organizational AI capability as a bundle of tangible, human, and intangible resources that must be deliberately built 

rather than purchased, and Mishra et al. (2022) find that a firm’s AI focus is associated with performance primarily 

where complementary organizational resources are present — an early empirical caution against assuming that AI 

adoption alone raises marketing performance. Neither of these perspectives, however, explains the dynamic, ongoing 

renewal process required when the technology itself — moving from predictive models to generative systems to 

autonomous agents — keeps changing the nature of the capability required. 

Dynamic capabilities theory addresses this more directly. It defines higher-order capabilities through which 

organizations sense changes, seize opportunities, and reconfigure assets and routines (Teece, 2007). Applied to 

marketing, this logic implies that Agentic AI is not a one-time technology purchase but an iterative process in which 

an organization learns which marketing decisions are suitable for delegation to an autonomous agent, which data and 

integration infrastructure that delegation requires, where human judgment and brand stewardship remain 

indispensable, and how roles and controls should change as a result. In this review, sensing includes identifying which 

marketing tasks are repetitive, data-rich, and reversible enough to be candidates for agentic execution. Seizing includes 

building interoperable customer and campaign data, developing prompt- and agent-management expertise, and piloting 

bounded use cases with clear success and rollback criteria. Transforming includes redesigning campaign workflows, 

decision rights, creative review processes, and escalation paths so that autonomous execution is monitored rather than 

merely switched on. 

The theory also guards against a technocentric reading of the evidence. Kunz et al. (2025) argue that human–machine 

collaboration in service and marketing contexts should be understood as an ongoing negotiation of roles rather than a 

fixed division of labor, and Murugesan (2025) similarly frames the rise of agentic systems as posing organizational 

and governance questions alongside technical ones. Dynamic capability, in this sense, is both technical and social: the 

same agentic technology can be seized productively by one organization and produce ungoverned automation in 

another, depending on the surrounding capability. 

4. Critical Literature Synthesis 

4.1 From predictive AI to generative AI in marketing 

The trajectory from rule-based systems to machine learning to Generative AI is well established in the literature and is 

not seriously contested. Rule-based systems automated segmentation and email workflows but could not adapt beyond 

predefined logic (Haenlein & Kaplan, 2019). Machine learning extended AI into prediction — customer lifetime 

value, churn, demand forecasting, and recommendation — while strategic decisions remained with human managers 

(Ma & Sun, 2020; Erevelles et al., 2016; Zhang & Lu, 2021). Deep learning subsequently extended these capabilities 

to unstructured data such as text, images, and voice (LeCun et al., 2015). 

Generative AI, built on transformer architectures and LLMs, is the most recent and best-evidenced stage: it supports 

automated content creation, conversational engagement, personalized advertising, and AI-assisted market research, 

and organizations report substantial reductions in content-development time (Dwivedi et al., 2023; Bubeck et al., 

2023; Mariani et al., 2022). The literature is nonetheless consistent that Generative AI remains fundamentally prompt-
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driven — a human specifies the objective, evaluates output, and decides the next action — and that its documented 

limitations (hallucination, bias, homogenization of creative output) are limitations of a system that assists rather than 

acts (Dwivedi et al., 2023). 

Synthesis. This stage of the evolution is comparatively well supported by peer-reviewed evidence and is not the 

primary source of uncertainty in the current debate. The more consequential and less settled question, addressed next, 

is what changes — technologically and organizationally — once a system moves from generating content on request 

to acting on an objective with limited supervision. 

4.2 Agentic AI: concept, architecture, and the limits of current evidence 

Agentic AI is defined in the technical literature by the combination of reasoning, planning, persistent memory, tool 

use, and autonomous execution within a single architecture (Wang et al., 2024; Xi et al., 2023). Park et al. (2023) 

demonstrate, in a simulated social environment rather than a commercial marketing setting, that generative agents can 

plan and coordinate believable multi-step behavior over time; Schick et al. (2023) show that language models can 

learn to invoke external tools and APIs, which is the technical basis for agents that can query a CRM system, place an 

order, or launch a campaign rather than only describe one. These are foundational computer-science results, not 

marketing studies, and this distinction matters: much of the marketing literature’s enthusiasm for Agentic AI rests on 

extrapolating from these general-purpose capabilities rather than on marketing-specific evidence. 

Kim (2025), writing an editorial call for research in the Journal of Interactive Advertising, argues that agentic systems 

are already reshaping the advertising process by shifting interaction from search to dialogue and from advertiser-

placed messages toward answer-engine-mediated exchanges, and calls for theoretical adaptation because classic 

persuasion models assume a human-authored, human-placed advertisement. This is a credible and influential early 

academic statement of the problem, but it is explicitly a call for research rather than a report of findings, and it should 

be read as agenda-setting rather than as evidence of measured effects. 

On the governance side, Mitchell et al. (2025) argue directly against the pursuit of fully autonomous AI agents, 

contending that meaningful human oversight and correctability should remain a design requirement rather than an 

incidental feature; Murugesan (2025) reaches a related conclusion, cataloguing the accountability, safety, and control 

questions raised by increasing agent autonomy. These positions sit in direct tension with vendor and consultancy 

narratives that treat autonomy itself as the desirable end-state of marketing automation, and the review treats that 

tension as a genuine, unresolved disagreement in the literature rather than resolving it in either direction. 

Synthesis. The technical foundations of Agentic AI are reasonably well documented, but marketing-specific evidence 

of what autonomous agents do differently, and better, than generative or predictive systems is early and largely 

conceptual. The field currently has clearer evidence of what agentic systems can technically do than of what they 

should be trusted to do unsupervised in a marketing context. 

4.3 Applications across the customer journey 

Within this early evidence base, the literature converges on a recognizable set of candidate applications rather than a 

single dominant use case. In customer relationship management, autonomous agents are described as monitoring 

behaviour, anticipating needs, and initiating retention actions with reduced continuous supervision (Ma & Sun, 2020; 

Wirtz et al., 2018). Ledro et al. (2022), reviewing AI in customer relationship management more broadly, find that the 

literature consistently reports operational gains in service efficiency and personalization but rarely isolates the specific 

contribution of autonomy versus simpler automation — a caution that applies directly to more recent agentic claims. In 

digital advertising and campaign management, agents are proposed to allocate budget, run experiments, and adjust 

targeting in response to performance signals (Wang et al., 2024; Kim, 2025). 

The clearest empirical signal currently available comes from an adjacent function, personal selling, where autonomous 

agents are already commercially deployed for prospecting and lead qualification. Recent sales research finds that 
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human salespeople remain more effective than AI agents at relationship-building tasks in exploration and expansion 

phases, with psychological distance as an explanatory mechanism, while buyers with higher technological proficiency 

tend to prefer interacting with agents — evidence that the appropriate allocation of tasks between humans and agents 

is conditional on task type and customer segment rather than uniformly favouring autonomy. Because this evidence 

originates in sales rather than marketing proper, it should be read as a plausible analogue, not direct proof of marketing 

outcomes. 

Mishra et al. (2022) provide one of the few firm-level empirical studies connecting AI to marketing-relevant 

performance, finding that a firm’s AI focus is associated with financial and market performance, though the 

relationship is conditioned by complementary capabilities and is not specific to agentic or autonomous systems. 

Dynamic-pricing, market-intelligence, and brand-monitoring applications appear frequently in conceptual and industry 

discussion (Wang et al., 2024) but rest on a comparatively thin peer-reviewed base at the time of this review. 

Synthesis. Plausible marketing applications for Agentic AI span the customer journey, but the strength of supporting 

evidence varies sharply by function: adjacent-domain evidence in personal selling is the most directly comparable, 

firm-level performance evidence is sparse and not agent-specific, and applications such as autonomous dynamic 

pricing and campaign orchestration are argued conceptually more often than they are demonstrated empirically. 

4.4 Governance, accountability, and responsible AI in autonomous marketing 

Responsible-AI scholarship converges on fairness, transparency, accountability, privacy, and human oversight as 

necessary conditions for legitimate deployment, but disagrees on how to operationalize them once a system can act 

rather than only recommend (Dignum, 2019; Floridi & Cowls, 2019). For Agentic AI specifically, the core governance 

problem is that autonomy compresses the interval between a system’s output and its real-world consequence: a 

Generative AI hallucination produces a bad draft that a human can catch before publication, whereas an agentic system 

with tool access can place a bid, send a message, or adjust a price before a human reviews it (Dwivedi et al., 2023; 

Mitchell et al., 2025). 

This has direct implications for explainability and accountability in marketing decisions. When an autonomous agent’s 

pricing or targeting decision produces an undesirable or discriminatory outcome, responsibility may lie with the 

underlying model, the data it was trained or grounded on, the tool permissions it was granted, or the absence of a 

human checkpoint — and the literature does not yet offer a settled way to apportion that responsibility once execution, 

not just recommendation, has been delegated. Kunz et al. (2025) argue that human oversight should be understood as 

an evolving collaborative role — human as strategist and governor rather than operator — rather than a static 

checkpoint that autonomy is expected to eventually eliminate. Mitchell et al. (2025) go further, arguing that some 

categories of fully autonomous deployment should not be pursued at all until correctability and oversight mechanisms 

are demonstrably reliable. 

Cross-jurisdictional data-protection obligations compound this problem for marketing specifically, since agentic 

systems typically require continuous access to customer data to personalize and act. Organizations operating in India 

must design around the Digital Personal Data Protection Act 2023 and its 2025 implementing rules, while 

organizations with European customers remain subject to the General Data Protection Regulation; neither regime was 

written with autonomous, tool-using marketing agents specifically in mind, which leaves compliance interpretation to 

individual organizations in the near term. 

Synthesis. Governance is not a compliance layer to be added after an agentic system is built; the literature’s most 

autonomy-skeptical voices treat human oversight, correctability, and jurisdiction-appropriate data governance as 

design requirements for legitimate deployment. Any marketing capability framework that treats autonomy as an 

unambiguous improvement over supervised generation is out of step with this part of the literature. 
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4.5 Evidence quality and inferential boundaries 

The evidence base for Agentic AI in marketing is wide in circulation but shallow in peer-reviewed depth. A large 

share of the material available through general web and even scholarly search consists of consultancy reports, vendor 

blog posts, and trade-press articles reporting adoption percentages, productivity gains, and return-on-investment 

estimates. These figures are not independently audited, rarely disclose sampling or measurement methods, and are 

commercially interested in favourable framing; this review does not treat them as evidence of marketing performance, 

and cites them, where mentioned at all, strictly as indicators of industry discourse rather than as findings. 

Within the peer-reviewed literature itself, most Agentic-AI-specific work remains conceptual, editorial, or technical-

computer-science in orientation rather than empirical marketing research (Wang et al., 2024; Xi et al., 2023; Kim, 

2025). The empirical studies that do exist are concentrated in adjacent domains — personal selling, customer service 

— or examine AI focus and firm performance without isolating agentic autonomy as the mechanism (Mishra et al., 

2022). Longitudinal studies, comparison groups, natural experiments, and algorithm audits specific to marketing 

agents are, at the time of this review, essentially absent from the peer-reviewed record. This imbalance is itself a 

finding: the pace of technological and commercial deployment is running well ahead of the pace of independent 

evaluation, and any framework built from this literature must be presented as a synthesis of plausible mechanisms and 

open questions rather than as a summary of demonstrated effects. 

Table 2: Critical literature review matrix 

Author/year Evidentiary 

status 

Focus Major finding Limitation / 

gap 

Huang & Rust 

(2021) 

Peer-reviewed 

conceptual 

framework 

AI’s role across 

analytical, intuitive, 

and empathetic 

marketing tasks 

AI increasingly 

complements or replaces 

human intelligence in 

stages, reshaping 

customer–firm 

interaction. 

Conceptual; 

predates the 

specifically 

agentic 

literature. 

Davenport et 

al. (2020) 

Peer-reviewed 

conceptual 

review 

AI’s effect on the 

future of marketing 

AI shifts marketing from 

support to strategic 

capability but requires 

organizational change to 

realize value. 

Conceptual 

synthesis; no 

agent-specific 

evidence. 

Wang et al. 

(2024) 

Peer-reviewed 

technical survey 

LLM-based 

autonomous agents 

Documents architectures 

for planning, memory, 

and tool use that 

underpin agentic 

systems. 

Computer-

science survey; 

not marketing-

specific. 

Park et al. 

(2023) 

Peer-reviewed 

empirical 

(simulation) 

Generative agents in 

a simulated social 

environment 

Agents can plan and 

sustain believable multi-

step behaviour over 

simulated time. 

Simulated, 

non-

commercial 

setting; no 

marketing 

outcome 

measured. 

Schick et al. Peer-reviewed Tool-use learning in Models can learn to Technical 
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Author/year Evidentiary 

status 

Focus Major finding Limitation / 

gap 

(2023) empirical 

(technical) 

language models invoke external 

tools/APIs, enabling 

agent action beyond text 

generation. 

benchmark 

study; not 

evaluated in a 

marketing 

context. 

Krakowski et 

al. (2023) 

Peer-reviewed 

empirical 

RBV and AI 

adoption using chess 

as a controlled 

setting 

AI adoption triggers 

substitution and 

complementation 

dynamics that reshape 

competitive capability. 

Controlled 

non-marketing 

setting; 

transfer to 

marketing is 

inferential. 

Mishra et al. 

(2022) 

Peer-reviewed 

empirical 

Firm AI focus and 

performance 

AI focus is associated 

with firm performance, 

conditioned by 

complementary 

organizational resources. 

Firm-level AI 

focus, not 

agentic 

autonomy 

specifically. 

Ledro et al. 

(2022) 

Peer-reviewed 

literature review 

AI in customer 

relationship 

management 

AI improves CRM 

efficiency and 

personalization, but the 

literature rarely isolates 

autonomy’s specific 

contribution. 

Predates the 

current 

agentic-AI 

wave. 

Kim (2025) Peer-reviewed 

editorial / call for 

research 

Agentic AI and 

advertising theory 

Agentic, dialogue-based 

AI requires rethinking 

classic persuasion and 

media-placement theory. 

Explicitly 

agenda-setting, 

not an 

empirical 

finding. 

Mitchell et al. 

(2025) 

Preprint 

(flagged) 

Governance limits 

of autonomous 

agents 

Argues fully 

autonomous agents 

should not be developed 

without reliable 

correctability and 

oversight. 

Position paper; 

not marketing-

specific, but 

directly 

relevant to 

governance. 

Murugesan 

(2025) 

Peer-reviewed 

commentary 

Rise of agentic AI: 

implications and 

concerns 

Identifies accountability, 

safety, and control as 

unresolved 

organizational questions 

accompanying agent 

autonomy. 

Cross-domain 

commentary 

rather than 

marketing field 

study. 
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5. Review Findings 

5.1 Finding 1: A conversion chain, not a direct autonomy effect 

Across the reviewed literature, the most defensible sequence is: Generative AI affordances expand what content and 

interaction an organization can produce; Agentic AI affordances expand what an organization can execute without 

continuous supervision; organizational capability — data, skills, and workflow — converts that execution capacity 

into marketing action; and governance determines whether the result is accountable and sustainable. Treating agent 

autonomy as a direct predictor of marketing performance, without specifying this conversion chain, is the same 

conceptual error identified in adjacent literatures that study AI and human resource management: technology adoption 

is not itself the mechanism of value. 

5.2 Finding 2: Organizational readiness is multidimensional and function-specific 

Readiness for agentic delegation includes interoperable customer and campaign data, staff able to design, monitor, and 

correct agent behaviour, defined escalation and rollback procedures, and leadership willing to fund evaluation rather 

than only deployment. A firm may be ready to let an agent draft and A/B test ad copy while being nowhere near ready 

to let one set live prices or approve creative for a sensitive campaign. Readiness should therefore be assessed at the 

use-case level rather than as a single organizational attribute. 

5.3 Finding 3: Benefits are plausible but the evidence base is early and imbalanced 

The literature consistently proposes efficiency, personalization, and responsiveness benefits from agentic marketing 

systems, but the supporting evidence is dominated by conceptual papers, technical computer-science studies conducted 

outside marketing settings, and unaudited industry figures. Peer-reviewed, marketing-specific, outcome-audited 

studies of agentic systems are rare. The review therefore supports cautiously worded expectations about Agentic AI’s 

marketing value, not claims that autonomous agents have been shown to significantly improve marketing performance. 

5.4 Finding 4: Autonomy sharpens, rather than removes, the case for governance 

The most autonomy-skeptical sources in this review (Mitchell et al., 2025; Murugesan, 2025) do not argue against 

Agentic AI in general; they argue that increasing autonomy raises the stakes of inadequate oversight because the 

interval between a system’s decision and its real-world consequence shrinks. This directly qualifies more optimistic 

industry and conceptual accounts that treat autonomy as an unambiguous efficiency gain. 

5.5 Finding 5: Cross-jurisdictional and adjacent-domain evidence is being used to fill a marketing-specific gap 

In the absence of marketing-specific longitudinal or audited evidence, the literature leans heavily on adjacent-domain 

findings (personal selling, customer service) and general firm-level AI-performance studies. These sources are 

informative about plausible mechanisms but cannot establish effect size, feasibility, or legitimacy specifically for 

marketing decisions, nor can they resolve how agentic systems should be governed differently under, for example, 

India’s data-protection regime versus the EU’s. This is the review’s clearest evidence gap. 

6. Proposed Conceptual Framework: Evolution Toward Autonomous Marketing Ecosystems 

Building on the critical synthesis above, the framework treats AI evolution in marketing as a progressive increase in 

intelligence, autonomy, and decision-making scope — while explicitly reintroducing the organizational-capability and 

governance conditions that Section 4 shows are necessary for that progression to translate into legitimate marketing 

value. The framework distinguishes four evolutionary stages: Predictive AI, Generative AI, Agentic AI, and 

Autonomous Marketing Ecosystems. 

 

 

https://ijsmt.org/
mailto:editor@ijsmt.org


International Journal of Science, Strategic Management and Technology 
Volume 02 Issue 08 August-2026 | ISSN: 3108-1762 (Online) | Impact Factor: 3.8 

An International, Peer-Reviewed, Open Access Scholarly Journal Indexed in recognized academic databases 

 

 
© Author(s). This work is peer-reviewed, openly published, and permanently archived 
This article is openly accessible and reusable with proper attribution.     
https://ijsmt.org/ , Email: editor@ijsmt.org                                                                                                                                                                                             12 

 

Table 3: Evolution of AI toward autonomous marketing ecosystems 

Evolution stage Core capability Marketing role Major applications Governance 

requirement 

Predictive AI Data analysis, 

forecasting, 

pattern 

recognition 

Decision-support 

system 

Customer 

segmentation, churn 

prediction, 

recommendation 

systems 

Data quality and 

model validation 

Generative AI Content 

generation and 

conversational 

intelligence 

Creative and 

analytical 

assistant 

Content marketing, 

chatbots, personalized 

communication, 

marketing research 

Human review 

before 

publication; 

disclosure of AI-

generated content 

Agentic AI Autonomous 

reasoning, 

planning, 

memory, and 

execution 

Bounded 

autonomous 

collaborator 

Campaign 

optimization, lead 

qualification, market 

intelligence 

Defined tool 

permissions, 

rollback 

procedures, 

human escalation 

points 

Autonomous 

marketing 

ecosystem 

Multi-agent 

collaboration and 

self-optimization 

Independently 

operating 

marketing 

function 

AI-managed customer 

relationships, 

autonomous 

negotiation and 

transactions 

Continuous audit, 

accountability 

assignment, 

jurisdiction-

specific 

compliance 

The framework departs from a purely technological reading by treating the distinction between Generative AI and 

Agentic AI as a distinction in autonomy and accountability, not only intelligence. Generative AI augments human 

creativity and productivity under continuous human evaluation; Agentic AI shifts execution toward the system itself, 

which is precisely why Section 4.4 identifies governance as a design requirement rather than a later safeguard. 

Table 4: Comparison between Generative AI and Agentic AI in marketing 

Dimension Generative AI Agentic AI 

Primary objective Content generation and knowledge 

creation 

Autonomous pursuit of a defined 

marketing goal 

Decision-making Reactive response to prompts Proactive, multi-step decision execution 

Human role Prompt creation and output evaluation Strategic supervision, permissioning, 

and governance 

Planning ability Limited to the current prompt/response 

cycle 

Multi-step planning and sequencing 

Memory Short-term contextual memory Persistent organizational and customer 

memory 
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Dimension Generative AI Agentic AI 

Learning Limited within-session adaptation Continuous adaptation through feedback 

and outcomes 

Tool integration Limited external system interaction Direct integration with CRM, ERP, 

APIs, and databases 

Accountability 

locus 

Clear - rests with the human evaluating 

output 

Distributed across model, data, 

permissions, and oversight design 

6.1 The AI–Capability–Marketing relationship 

The framework clarifies the distinct roles of AI technology, organizational capability, and marketing practice, 

extending the logic used in Section 3. Agentic AI techniques operate on customer and market data to plan, act, and 

adapt. Organizational capability — data infrastructure, agent-management skill, defined permissions, and escalation 

routines — converts that technical capacity into governed marketing action. Marketing practice is the organizational 

site where a campaign, price, or customer interaction is actually executed and experienced by a customer. Outcome 

and incident evidence then feeds back into capability and governance, closing a learning loop rather than a one-time 

deployment. Collapsing these layers into a single “AI adoption” variable, as much of the industry discourse does, 

obscures accountability: when an agentic decision produces an undesirable outcome, the cause may lie in the model, 

the data, the permission scope granted to the agent, or the absence of a human checkpoint at the relevant stage. 

7. Proposed Research Model and Propositions 

The propositions below are offered for future empirical testing; they are not presented as tested results. AI capability is 

defined as an organization’s ability to select, integrate, and operate reliable Generative and Agentic AI applications; 

marketing capability is the ability to convert that technical capacity into governed, evaluable marketing practice; and 

outcomes are multi-level rather than a single performance score. 

P1. AI capability will be positively associated with realized marketing value only where organizational capability — 

data infrastructure, agent-management skill, and workflow redesign — is also present; AI capability alone is expected 

to show a weak or inconsistent direct association with marketing outcomes. 

P2. The relationship between Agentic AI adoption and marketing performance will be mediated by the degree of 

workflow redesign (decision rights, escalation routes, and review procedures) rather than by autonomy adoption itself. 

P3. Task reversibility and data quality will moderate the relationship between agent autonomy and marketing 

performance: low-risk, reversible, data-rich tasks (e.g., ad-copy testing) will show a more favourable autonomy–

performance relationship than high-stakes, low-reversibility tasks (e.g., live pricing or brand-sensitive messaging). 

P4. Responsible-governance mechanisms (defined tool permissions, human escalation points, and audit routines) will 

strengthen positive outcomes and reduce adverse outcomes from agentic deployment by improving error detection and 

accountable correction. 

P5. Organizational learning-orientation and leadership support will strengthen the relationship between AI capability 

and marketing-practice redesign, consistent with dynamic-capabilities theory’s emphasis on reconfiguration as an 

ongoing process rather than a one-time adoption event. 

P6. Customer technological proficiency and task type will moderate customer acceptance of agent-mediated 

interactions, consistent with adjacent sales-agent evidence that more technologically proficient customers respond 

more favourably to agent interaction than others. 
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P7. Outcome monitoring and incident feedback will support continuing reconfiguration of agentic marketing 

capability, producing a learning loop rather than a one-time performance effect — and organizations that treat 

autonomous deployment as reversible will detect and correct errors faster than those that do not. 

8. Discussion 

8.1 Theoretical implications 

The review extends AI-marketing theory by locating value creation in a capability-conversion process rather than in 

agent autonomy itself. The resource-based view and AI-capability research (Barney, 1991; Mikalef & Gupta, 2021; 

Mishra et al., 2022) explain why complementary organizational resources matter; dynamic capabilities theory explains 

why some organizations can repeatedly reconfigure those resources as agentic technology evolves while others remain 

at the pilot stage. AI capability is a lower-order enabling capability; organizational (data, skill, workflow) capability is 

the bridging mechanism; governance and human oversight determine whether the resulting routines are legitimate and 

sustainable rather than merely fast. 

The framework also qualifies universalistic claims about autonomy. A marketing practice is not automatically 

improved by being delegated to an autonomous agent; its value depends on task reversibility, data validity, customer 

segment, and the consequences of error — a position directly supported by the tension between optimistic industry 

accounts and the autonomy-skeptical positions of Mitchell et al. (2025) and Murugesan (2025). 

8.2 Methodological implications 

Future studies should avoid inferring marketing performance from general AI-adoption measures or from vendor-

reported productivity figures. Multi-source designs should distinguish AI capability, actual agent use and permission 

scope, workflow change, and independently measured marketing outcomes. Where feasible, matched comparisons, 

stepped-wedge pilots, and algorithm audits specific to marketing agents would substantially strengthen causal 

inference relative to the current cross-sectional, conceptual, and vendor-reported base identified in Section 4.5. 

Measurement should also capture potential harms — brand-reputation incidents, discriminatory targeting, and 

customer trust erosion — alongside efficiency benefits. 

8.3 Practical implications 

The implications differ by stakeholder role and authority over the system. Table 5 converts the review’s findings into 

role-specific priorities. 

Table 5: Stakeholder-specific recommendations 

Stakeholder Priority recommendations Minimum safeguard before scaling 

Marketing 

leadership (CMO 

and equivalent) 

Govern a defined portfolio of 

marketing decisions suitable for agentic 

delegation rather than adopting 

autonomy as a blanket strategy; fund 

evaluation and staff learning alongside 

deployment. 

Documented use-case scope, 

accountable owner, and authority to 

pause or retire an underperforming 

agent. 

Marketing and 

analytics teams 

Build reliable, integrated customer and 

campaign data; separate descriptive, 

predictive, and agentic-execution 

claims; design workflows with explicit 

human checkpoints. 

Data lineage, defined agent 

permissions, documented escalation 

and override procedures. 
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Stakeholder Priority recommendations Minimum safeguard before scaling 

Customers and 

employee 

representatives 

Retain visibility into when an 

interaction is agent-mediated; report 

concerns about targeting, pricing 

fairness, or loss of human contact 

through accessible channels. 

Disclosure of AI-mediated interaction 

where material; accessible correction 

and complaint routes. 

Policymakers and 

regulators 

Clarify how existing data-protection 

and consumer-protection regimes (e.g., 

India’s DPDP Act, the EU’s GDPR) 

apply to autonomous, tool-using 

marketing agents specifically. 

Guidance distinguishing low-risk 

decision support from high-stakes 

autonomous execution. 

Technology 

vendors 

Disclose intended and excluded uses, 

validation evidence, and the limits of 

agent autonomy granted by default 

configurations. 

Change notification, audit logging, and 

a documented human-override 

mechanism. 

9. Limitations 

This article is a critical narrative review and is not exhaustive. Google Scholar offers broad interdisciplinary discovery 

but has opaque and changing coverage, ranking, and citation-linking practices, so searches performed at another date 

or by another reviewer may return a different set of records. The review did not use subscription-database exports, 

independent dual screening, a registered protocol, or meta-analysis; selection and interpretation retain an element of 

reviewer judgment despite the stated criteria and source accounting. 

Because Agentic AI in marketing is an emerging field, the corpus necessarily includes a small number of preprints and 

an editorial call-for-research piece alongside peer-reviewed empirical and conceptual work; each is explicitly flagged 

where cited, but their inclusion means the review’s synthesis is, in places, built on claims that have not yet passed peer 

review in their current form. Restriction to English-language sources creates language bias and may omit relevant 

regional scholarship, including Indian marketing-technology research not indexed in English-language venues. 

Backward and forward citation searching can introduce citation bias by favouring established, highly cited work over 

newer or less-connected studies. 

The empirical evidence directly available on Agentic AI in marketing is sparse; much of the applied reasoning in this 

review draws on adjacent domains (personal selling, customer service, general AI-firm-performance research) and on 

technical computer-science studies conducted outside commercial marketing settings. These sources can identify 

plausible mechanisms but cannot establish effect size, feasibility, or transferability to specific marketing functions or 

to the Indian regulatory and market context. The pace of both AI development and data-protection implementation 

means governance requirements and technical practice will continue to evolve after this review is completed. 

These limitations are partly addressed through explicit search strings, eligibility criteria, source accounting, 

evidentiary-status labelling of each source, and restrained causal language. They cannot be eliminated by reporting 

alone. The proposed framework should be treated as a theoretically grounded synthesis and research agenda requiring 

empirical validation, not as a summary of demonstrated marketing performance effects. 

10. Future Research Agenda 

Future research should prioritize designs that can distinguish adoption from capability, vendor claims from audited 

outcomes, and association from causation. Table 6 sets out a structured agenda. 
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Table 6: Structured future research agenda 

Research gap Suggested future study Suggested methodology Expected contribution 

Unknown 

prevalence and 

maturity of 

agentic 

deployment 

Establish a baseline of 

formal, pilot, and informal 

Agentic AI use across 

marketing functions and 

firm sizes. 

Cross-sectional survey 

combined with a 

system/tool inventory. 

Distinguish adoption 

claims from operational 

capability and identify 

patterns in readiness 

and use cases. 

Unobserved 

capability-

conversion 

process 

Follow bounded agentic 

pilots from problem 

definition through 

deployment, monitoring, 

and renewal or retirement. 

Longitudinal case studies 

using interviews, system 

logs, and process tracing. 

Test the sensing–

seizing–transforming 

mechanism and explain 

why similar technology 

produces different 

outcomes. 

Weak causal 

evidence of 

marketing benefit 

Evaluate a clearly defined, 

reversible agentic 

intervention (e.g., agent-

managed ad-copy testing) 

against an appropriate 

human baseline. 

Matched comparison or 

stepped-wedge field trial 

where feasible and ethical. 

Estimate whether 

observed changes 

follow the intervention 

rather than prior trends 

or selection. 

Limited 

customer-centred 

evidence 

Examine customer trust, 

disclosure preferences, and 

satisfaction when 

interactions are agent-

mediated versus human-

mediated. 

Experimental or quasi-

experimental consumer 

study across 

technological-proficiency 

segments. 

Extend evaluation 

beyond firm-side 

efficiency to customer 

experience and trust. 

Unverified 

fairness and 

accountability in 

autonomous 

execution 

Audit agentic pricing, 

targeting, or 

recommendation systems 

for error distribution, 

disparate impact, and 

override patterns. 

Socio-technical algorithm 

audit combining 

quantitative error analysis 

with workflow 

observation. 

Operationalize 

responsible-AI 

governance for 

marketing agents and 

show whether 

safeguards function in 

practice. 

Cross-

jurisdictional 

governance gap 

Compare how data-

protection and consumer-

protection regimes (India’s 

DPDP Act, the EU’s 

GDPR, and others) are 

being interpreted for 

autonomous marketing 

agents. 

Comparative policy and 

documentation analysis 

supplemented by 

practitioner interviews. 

Clarify the distribution 

of compliance 

responsibility across 

markets and inform 

proportionate 

regulatory guidance. 
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Research gap Suggested future study Suggested methodology Expected contribution 

Untested 

proposed model 

Evaluate the relationships 

in Section 7 without relying 

on a single respondent, 

vendor-reported metric, or 

measurement occasion. 

Multi-source, time-

separated design using 

marketing, IT, 

governance, and customer 

data. 

Test mediation and 

moderation while 

separating AI 

capability, workflow 

change, and 

independently verified 

outcomes. 

11. Conclusion 

Agentic AI can plausibly extend marketing capability beyond what Generative AI supports, but the current literature 

does not show that autonomy alone improves marketing outcomes. The most defensible reading of the evidence is 

conditional: Generative AI expands what an organization can create, Agentic AI expands what it can execute without 

continuous supervision, organizational capability converts that execution capacity into governed marketing action, and 

responsible-AI governance determines whether the result is legitimate and sustainable. Marketing-specific, peer-

reviewed, and audited evidence remains too limited for claims of established performance effects, and much of the 

confidence currently circulating in industry discourse rests on unaudited vendor and consultancy figures rather than 

independently verified findings. 

The practical implication is a shift from autonomy adoption to capability building. Organizations should begin with 

bounded, reversible marketing decisions, invest in reliable data and agent-management skill, design human 

checkpoints and escalation routes before scaling, and evaluate benefit and harm before extending an agent’s scope. 

This sequence aligns agentic marketing experimentation with the accountability that customers, employees, and 

regulators reasonably expect, while creating an empirically testable agenda for the research that this fast-moving field 

still needs. 
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