
 
   

 
 

 
 

 
 

 

 

Abstract  Despite the growing body of research 
on artificial intelligence in business contexts, 
relatively little attention has been paid to how AI 
changes the underlying structure of B2B marketing, 
particularly in sectors where technical complexity 
and buyer skepticism define the commercial 
environment. This paper examines that gap through 
the lens of the cybersecurity industry, where  
long  sales  cycles, multi-stakeholder 
procurement, and an inherent difficulty in 
demonstrating product value make marketing 
unusually demanding. Based on the systematic 
review of articles published between 2020 and 
2026, with 30 core papers selected via the PRISMA 
protocol, the study examines how AI capabilities 
alter each of the seven elements of the B2B 
marketing mix. The 
influence goes well beyond process efficiency: it 
changes what products do, how prices are set, what 
promotion looks like, how channels are managed, 
what is expected of sales personnel, how customer 
lifecycles are handled, and how vendors establish 
credibility with buyers. Collectively, these findings 
point toward a qualitatively different model of 
marketing in enterprise technology markets. The 
paper synthesizes these observations into a three-
tier framework built around intelligence gathering, 
AI-mediated orchestration, and measurable 
strategic outcomes. The contribution lies not in 
cataloguing AI tools but in showing how AI, when 
applied across the full marketing mix, shifts the 

basis of competitive advantage from execution 
speed to evidenced value. 
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The business of selling cybersecurity is, in 
many ways, a study in contradiction. The more 
successful a cybersecurity solution is, the harder it 
is to demonstrate its effectiveness to a potential 
customer. The measure of a successful 
cybersecurity solution is, in many ways, the 
absence of a problem, not a presence. In a market 
in which the value proposition is based on 
preventing a problem that may not have occurred in 
the first place, many of the conventional principles 
of marketing have limited value. Despite this, 
cybersecurity is one of the fastest-growing 
segments of enterprise software globally. The 
business challenge is real, and there is a significant 
gap between what vendors know about their 
products and what buyers can verify on their own. 

This disproportionate information is 
situated at the core of B2B cybersecurity 
marketing. CISOs and IT procurement decision-
makers face a situation of great pressure and 
cognitive load, they need to make sense of 



 
   

 
 

technically complex solutions without much 
domain knowledge or internal analytical 
capabilities. They heavily depend upon analyst 
reports, word of mouth, and brand recognition 
because getting technical validation is expensive 
and takes a long time. This is where large players 
have a natural advantage, and it is where new 
players face the greatest challenge. 

However, artificial intelligence is beginning 
to alter this in ways that go beyond the automation 
of the aforementioned processes. If applied 
properly, artificial intelligence can assist vendors in 
providing objective, contextualized evidence of 
their performance, communicate in a way that 
resonates with the specific concerns of individual 
buyers, price their offerings in a manner that is more 
aligned with the actual risks involved than arbitrary 
tier structures, and provide sales engineers with the 
information they need to hold credible discussions 
with procurement committees comprised of highly 
technical individuals. Artificial intelligence, in 
short, has the potential to address some of the 
fundamental weaknesses of cybersecurity 
marketing. 

The academic literature has been slower to 
catch up with this development than industry 
practice. While there is a substantial body of work 
on AI in marketing generally [1][7][22] and on B2B 
marketing challenges in technology sectors [5][20], 
the specific question of how AI reconfigures the 
extended B2B marketing mix in high-complexity 
environments has received limited systematic 
attention. The 7Ps framework Product, Price, 
Place, Promotion, People, Process, and Physical 
Evidence was designed for relatively stable 
commercial environments. Its application to an AI-
driven, continuously evolving sector like 
cybersecurity raises questions that have not been 
fully worked through in the literature. 

This paper attempts to address that gap. By 
conducting a systematic review of research 
published between 2020 and 2026, it examines how 
AI capabilities are altering each dimension of the 
B2B marketing mix in the cybersecurity sector, and 
proposes a framework to understand the 
relationships between AI inputs, marketing 

processes, and competitive outcomes. The analysis 
draws on dynamic capabilities theory [3], cognitive 
load theory [6], and contemporary research on AI-
enabled marketing [4][24] to ground the synthesis 
in established theoretical tradition while extending 
it in directions the existing literature has not 
completely explored. 

 

Three research questions guide this review. 
First, how does AI alter the way each of the 7Ps 
operates in B2B cybersecurity marketing? Second, 
what theoretical mechani  role 
in this context is it primarily an efficiency tool, or 
does it represent something more structurally 
significant? Third, what kind of integrated 
framework can usefully capture the relationship 
between AI capabilities and marketing outcomes in 
enterprise security markets? 

 
 

  

  

The dynamic capabilities framework, 
developed by Teece [3], offers a productive lens for 

presented an argument that sustained competitive 
advantage in volatile environments depends not on 

sense emerging opportunities, seize them through 
appropriate strategic choices, and continuously 
reconfigure internal processes to remain aligned 
with a changing environment. These three 
capacities sensing, seizing, and 
transforming map naturally onto how AI 
functions within a marketing context. 

In the cybersecurity sector, AI-enabled 
sensing takes the form of continuous monitoring of 
threat telemetry, buyer intent signals, and 
competitive intelligence. These data streams allow 
vendors to identify emerging customer needs 
before they are explicitly expressed for instance, 
detecting that a cluster of target accounts has 
recently begun researching a specific attack vector, 
and adjusting content and outreach accordingly. 
This is qualitatively different from 



 
   

 
 

periodic market research or campaign performance 
reviews; it is ongoing, automated, and actionable in 
near real-time. 

Seizing, in this context, involves converting 
intelligence into value through dynamic 
adjustment of product configurations, pricing, and 
personalized content delivery. A vendor that can 

behavior with a tailored briefing on the specific 
regulatory implications of a newly identified threat 
is doing something more than efficient marketing; 
it is demonstrating relevance and expertise in a way 
that directly accelerates trust formation. 
Transforming, finally, refers to the way AI 
reconfigures internal marketing processes from 
manual campaign execution to continuously 
adaptive orchestration allowing organizations to 
remain responsive to market changes without 
proportionate increases in headcount or operational 
overhead [24]. 

Positioning AI as a dynamic capability 
rather than a mere marketing tool has important 
implications for how organizations should invest in 
and govern it. It suggests that AI should be 
developed and managed at an organizational level, 
not simply purchased as a software subscription 
and handed to a marketing team. The returns from 
AI in marketing are likely to be highest where it is 
embedded in strategy and processes, not just in 
technology stacks. 

  

S
distinguishes between the inherent complexity of a 
task (intrinsic load), the mental effort involved in 
learning and schema formation (germane load), and 
the additional cognitive burden imposed by poorly 
structured information (extraneous load). In high-
technology B2B markets, extraneous cognitive 
load is a persistent problem. Vendors frequently 
present buyers with dense technical documentation, 
vendor-specific terminology, and abstract 
capability claims that are difficult to verify or 
compare. The result is evaluation paralysis: buyers 
who cannot meaningfully distinguish between 
competing solutions fall back 

on heuristics such as brand recognition, peer 
recommendations, or analyst endorsements. 

AI offers a partial solution to this problem 
by serving as a filtering and translation mechanism. 
When AI systems can distill complex security 
telemetry into executive-readable summaries, or 
convert technical detection rates into estimates of 
financial risk reduction, they reduce the extraneous 
burden on buyers and create conditions in which 
genuine evaluation becomes more feasible. This 
directly impacts a concept which the paper refers to 

technical validity of vendor claims, as distinct from 
relational trust built through personal interaction. 
Epistemic trust matters particularly in 
cybersecurity because buyers often lack the 
technical capacity to independently validate claims, 
and because the consequences of a wrong 
purchasing decision are severe [29]. 

The fact of matter here is that AI is not 
replacing relationship-based selling, AI facilitates 
an evidence base understanding, which makes 
trust-building quicker, more reliable and reduces 
the dependency on the personal relations involved 
in one-to-one sales activities. This difference 
between relational and epistemic trust is not much 
explored in the B2B marketing literature, and hence 
the context of cybersecurity in the B2B tech market, 
provides a useful space to be explored. 

 
 

Information asymmetry in markets, as 
 foundational work demonstrated, creates 

conditions that systematically disadvantage buyers 
and distort competitive dynamics. In cybersecurity 
markets, the asymmetry is structural: vendors 
invest heavily in understanding the threat landscape 
and the technical performance of their solutions, 
while buyers typically lack the expertise, time, or 
access to independently assess these claims. This 
gap creates adverse selection pressures that favor 
well-known brands over genuinely superior but less 
visible alternatives. 

AI addresses this asymmetry not by 
eliminating it, vendors will always know more 



 
   

 
 

about their products than buyers do, but by 
generating credible, third-party-verifiable evidence 
that buyers can evaluate without deep technical 
expertise. A monthly report showing 
endpoint protection platform successfully 
contained 47,000 breach attempts on 
network, cross-referenced against industry 
benchmarks and presented in business-risk 
language, is fundamentally more persuasive than a 
sales presentation making similar claims in the 
abstract [29]. AI makes this kind of evidence 
generation scalable and automated, which changes 
the economics of trust-building in enterprise sales. 

 
 

 
 

  

The review process followed the 
PRISMA(Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses) methodology, which 
is a systematic review process that helps to 
minimize bias during the selection of literature. 
This methodology helps to maintain the 
reproducibility of the results. The review process 
was carried out by searching various databases such 
as Scopus, IEEE Xplore, and Web of Science. The 
period of interest for the review process extends 
from January 2020 to March 2026. This period of 
interest was chosen because it marks the period of 
commercial deployment of AI solutions, such as 
the advent of large language models and AI-based 
security solutions. 

The search query was a combination of 
words related to AI (machine learning and 
generative AI), B2B marketing and the marketing 
mix, and cybersecurity/enterprise SaaS. The initial 
search results yielded 340 potential papers, which 
were then augmented by 22 further papers based on 
reference list screening of highly cited papers in the 
initial results list. 

  

The articles had to be contained within a 
peer-reviewed  journal  or reputable conference 

proceeding, discuss AI within marketing or sales 
settings, and be relevant to either B2B technology 
or cybersecurity marketing. Articles that only dealt 
with the development of AI technology without 
marketing implications, those that only dealt with 
B2C settings, or duplicates were eliminated. After 
two rounds of article analysis, 30 articles remained 
that are used as the foundation for the 7Ps analysis 
contained within Section IV. 

 
 

  

In most software markets, the product is a 
well-defined entity: a release of a software version 
with a well-understood feature set, roadmap, and 
release cycle. Marketing the product entails 
communicating the value of the feature set to 
potential customers and emphasizing the value of 
the roadmap relative to the competition. In security 
software, this has never been a sufficient model 
because the performance criteria are not how the 
software performs in a controlled environment, but 
how it performs against threats that were unknown 
at the time the software was created. 

Machine learning has changed the product 
landscape of top-tier cybersecurity products. While 
traditional endpoint protection products rely on 
signature-based detection approaches that involve 
human analysis to define signatures based on 
known patterns of attacks, modern AI-powered 
endpoint protection products use machine learning 
to train their detection algorithms based on patterns 
learned from large networks of deployed sensors. 
The product, in a very real sense, never ends. Its 
scope is continually expanding to include new 
threats it encounters. Its detection model is highly 
specific to the actual behavior of attackers rather 
than pre-defined signatures [4]. 

The marketing implications of this 
architectural change are substantial. The feature 
catalog and version comparison are less important 
when the product is dynamically changing. What is 
important to the buyer, and what the vendor must 
emphasize to the buyer, is the quality of the 
telemetry network, how quickly they are adding 



 
   

 
 

new threats to their detection logic, and their 
overall experience in the field. Vendors that 
understand this architectural change are shifting 
from feature-focused marketing materials to threat 
intelligence briefings as their primary marketing 
collateral [1]. 

In addition to that, another area where AI 
influences the software experience after purchase is 
the experience of the software itself. Through the 
analysis of telemetry data at the account level, it 
becomes possible to determine which features are 
underutilized, which configurations are causing 
customers to become exposed to risks, or which 
configurations are causing customers to leave. 
Recommendations for configuration can be 
provided to customers without any need for human 
intervention from the customer success team. The 
experience of the software becomes continuous 
rather than limited to the initial implementation [7]. 

  

Enterprise software pricing has historically 
been organized around feature tiers or user 
counts models that are administratively simple 
but often poorly calibrated to the actual value 
different customers derive from a solution. In 
cybersecurity, the mismatch is particularly 
pronounced: the value of a security platform to an 
organization depends not primarily on how many 
users it has, but on the risk profile of the 
organization, the sensitivity of the data it holds, and 
the likelihood that it will face a serious attack. Two 
organizations with identical user counts might have 
radically different exposures and therefore derive 
radically different value from the same product. 

AI makes risk-based pricing architectures 
practically feasible. By aggregating publicly 

surface
including known software 
vulnerabilities, historical breach exposure, industry 
threat frequency, and regulatory compliance 
obligations vendors can generate probabilistic 
risk profiles that reflect the actual value their 
solution would deliver. Pricing can then be 
calibrated to these profiles, with accounts 

that face higher breach probability paying 
premiums that reflect the correspondingly greater 
value of effective prevention [5]. 

Retention pricing is another area where 
machine learning is changing the economics. Churn 
prediction models trained on renewal data, feature 
engagement patterns, support interactions, and 
executive relationship indicators can flag at-risk 
accounts with sufficient lead time for proactive 
intervention. Rather than waiting for a customer to 
begin an active RFP process with a competitor, 
vendors can initiate targeted retention 
conversations including adjusted pricing, feature 
unlocks, or executive outreach while the 
customer is still engaged and the renewal 
relationship is salvageable [10]. 

Contract structuring is also being 
influenced by natural language processing tools 
that analyze historical agreement data to identify 
the terms and configurations most closely 
associated with long-term expansion and renewal. 
This shifts contract negotiation from an experience-
dependent art toward a data-informed process, 
allowing less experienced commercial teams to 
structure deals with a higher probability of 
successful long-term outcomes [27]. 

 
 

Anyone who has worked in B2B 
cybersecurity marketing will recognize the 
frustration of generic demand generation. The 
industry is characterized by a wide spectrum of 
buyer types with very different levels of technical 
sophistication, organizational priorities, and risk 
perceptions. A CISO at a large financial institution 
navigating stringent regulatory requirements has 
almost nothing in common, from a communications 
standpoint, with the IT manager at a mid-sized 
logistics firm dealing with a ransomware incident 
for the first time. Yet most cybersecurity marketing 
treats these audiences as broadly equivalent, 
delivering the same whitepapers, the same 
conference presentations, and the same email 
nurture sequences to both. 

Intent data platforms, powered by machine 
learning, are beginning to change this. These 



 
   

 
 

platforms  monitor  digital  behavioral signals
search patterns, content consumption, peer forum 
participation, technology review site visits, hiring 
trends and use them to infer where specific 
individuals within target accounts are in their 
buying journey, what problems they are actively 
investigating, and what information would be most 
useful to them at that moment [8]. When a CISO 
begins researching Extended Detection and 
Response architectures, the pattern of their online 
activity is often observable before any direct 
vendor contact has occurred. Vendors with access 
to these signals can respond with content that is 
immediately relevant rather than generically 
informative. 

Generative AI extends this personalization 
to the content itself. Rather than repurposing 

name added, AI systems can produce briefings that 
address the specific regulatory environment, threat 
landscape, and technology context of individual 
accounts. A healthcare prospect receives analysis 
grounded in HIPAA obligations and the specific 
ransomware patterns targeting electronic health 
records; an energy sector prospect receives 
material focused on operational technology 
vulnerabilities in industrial control systems. The 
marginal cost of producing this kind of specificity 
was prohibitive when content production required 
human writers for every variant; AI reduces it to 
near zero [16]. 

The practical implication for promotional 
strategy is a shift in the unit of analysis from the 
campaign to the account, and from the segment to 
the individual buyer. Measuring success by click-
through rates and lead volumes becomes less 
meaningful than measuring engagement quality, 
buying stage progression, and deal velocity within 
priority  accounts.  This  is  not  a  new idea
Account-Based Marketing has been discussed for 
years but AI makes it operationally practical at a 
scale that manual methods could not achieve 
[13][14]. 

 
 

Enterprise cybersecurity solutions reach 
customers through a complex ecosystem of channel 
intermediaries. Managed Security Service 
Providers (MSSPs), Value-Added Resellers, 
systems integrators, and specialist consultancies 
each play different roles in the sales and 
implementation process. For vendors, managing 
this network effectively is a significant operational 
challenge: which partners should receive which 
leads? Which are technically qualified to support 
specific product categories? Which are at risk of 

These questions have traditionally been answered 
through periodic partner reviews, territory-based 
assignments, and  relationship 
management processes that  are 
resource-intensive and slow to respond to changes 
in partner performance. 

Machine learning models trained on 
historical deal data can generate much more 
granular and accurate answers to these questions. 
By analyzing patterns in deal registrations, close 
rates, technical certification maintenance, and co-
marketing activity, these models can identify which 
partners consistently perform well in specific 
geographies, industry verticals, or deal sizes, and 
route opportunities accordingly. The result is a shift 
from relationship-based to performance-based 
channel governance one that is more accurate and 
less dependent on the judgment of individual 
channel managers [17]. 

Predictive partner health scoring serves a 
similar function on the retention side. Partners who 
are disengaging evidenced by declining training 
participation, fewer deal registrations, or reduced 
co-marketing activity can be identified well 
before their departure becomes a certainty, 
allowing vendors to intervene with targeted 
enablement support, incentives, or executive 
engagement while there is still time to reverse the 
trend [20]. 

AI-powered enablement platforms are also 
shortening the time it requires for new partners to 
become productively effective. By providing real-
time competitive intelligence, automated proposal 
generation support, and guided deal coaching, 
these platforms reduce the ramp time 



 
   

 
 

for partners entering new product areas or 
geographic markets. The practical effect is an 
expansion of effective distribution capacity without 
proportional increases in vendor headcount [23]. 

  

The sales engineer occupies a pivotal role in 
enterprise cybersecurity sales. They are responsible 

 
for navigating the detailed objections raised by 
security architects and IT leadership, and for 
demonstrating that the product can perform in the 

 specific environment. It is a demanding 
role that requires both broad technical knowledge 
and the interpersonal skills to communicate that 
knowledge to diverse and often skeptical 
audiences. Maintaining the required level of 
technical currency is a persistent challenge in a 
field where the threat landscape and product 
capabilities change continuously. 

AI-assisted sales tools are beginning to 
address this challenge by providing in-context 
decision support during live customer interactions. 
Battle card systems that surface competitive 
intelligence relevant to the specific objections 
being raised, product configuration 

technology environment, and reference case studies 

be delivered to the sales engineer in real time, 
reducing the cognitive burden of managing a 
complex technical conversation [11][21]. 

Conversation analytics tools analyze 
meeting recordings and transcripts to identify 
patterns that distinguish successful from 
unsuccessful interactions. When a particular 
objection handling approach consistently precedes 
positive outcomes, that insight can be incorporated 
into coaching programs and made available to the 
broader sales team. When a specific type of 
question from a prospect signals strong buying 
intent, that signal can be automatically escalated to 
the account team for follow-up. This kind of 
systematic learning from sales interactions is 
difficult to achieve at scale without AI, because 

the volume of conversations and the subtlety of the 
relevant signals make manual analysis impractical 
[9]. 

A noteworthy point to consider is that, the 
value of AI augmentation in the People dimension 
depends critically on the quality of human 
judgment underlying it. AI tools can surface 
relevant information and flag important signals, but 
they cannot replace the relationship-building, 
contextual judgment, and adaptive communication 
that characterize effective enterprise selling. The 
most productive framing is one in which AI reduces 
the cognitive overhead of managing complex 
information, freeing human sellers to focus on the 
interpersonal dimensions of the sales process where 
their capabilities are genuinely irreplaceable [18]. 

 
 

Enterprise cybersecurity sales involve an 
unusually high degree of process complexity. From 
initial qualification through technical validation, 
legal negotiation, contract execution, and post-sale 
onboarding, a typical enterprise deal may span six 
to twelve months and involve dozens of individual 
stakeholder interactions. Coordinating these 
interactions ensuring that the right people are 
engaged at the right stages, that technical validation 
activities are scheduled and resourced 
appropriately, and that handoffs between sales and 
customer success are managed without loss of 
context is a significant operational undertaking 
that most vendors manage imperfectly. 

AI-powered qualification tools improve 
the efficiency of early-stage resource allocation by 
generating probabilistic assessments of deal 
viability based on prospect firmographics, 
behavioral signals, and historical conversion data. 
Rather than relying on the individual judgment of 
sales managers to prioritize opportunities, these 
models provide a more consistent and data-
grounded basis for presales resource allocation 
[12]. 

In the technical validation phase, AI-
enabled sandbox environments allow prospects 



 
   

 
 

to test products against simulated threat scenarios 
representative of their own environment, receiving 
quantified performance data detection rates, false  
positive  frequencies,  response times without 
the overhead of a formal proof-of-concept 
engagement. This removes one of the most 
significant bottlenecks in the enterprise 
cybersecurity sales cycle, which has traditionally 
required weeks of environment provisioning and 
consultant engagement before producing evaluable 
data [7]. 

Post-sale, predictive health scoring models 
monitor the breadth and depth of product adoption, 
support interactions, stakeholder engagement, and 
commercial metrics to identify accounts where the 
implementation is underperforming or the 

score drops below a defined threshold, automated 
escalation workflows can trigger proactive 
outreach from the customer success team, 
executive relationship reviews, or technical 
intervention without waiting for a support ticket 
or renewal conversation to surface the problem 
[26]. 

  

Physical evidence the tangible cues that 
allow buyers to evaluate service quality presents 
a distinctive challenge in cybersecurity. The core 
value delivered by a security platform is the 
prevention of events that, by definition, have not 
occurred. Demonstrating this value to a board of 
directors or a procurement committee requires 
translating the absence of breaches into credible 
evidence of protection, which is not 
straightforward when skeptical audiences may 
reasonably ask whether the threats were prevented 

because 
no serious attacks were attempted. 

AI-generated intelligence dashboards 
address this problem by providing real-time, 
quantified documentation of security outcomes: the 
number and type of blocked attack attempts, 
quarantined processes, and prevented exfiltration 
events, contextualized against industry threat 
benchmarks and presented in risk-adjusted 
financial terms. A visualization that translates 

47,000 blocked attack attempts into an estimated 
financial risk reduction figure calibrated to the 
orga
more compelling to a CFO than a raw detection 
count [15]. 

Automated reporting tools extend this 
evidence generation into the rhythm of executive 
communication. Monthly security performance 
reports that translate telemetry data into business-
language summaries of risk reduction without 
requiring manual analyst effort support renewal 
conversations by providing a continuous record of 
value delivered rather than requiring vendors to 
reconstruct the case for renewal from scratch at 
contract expiry [28]. 

Competitive benchmarking is a third 
dimension of physical evidence that AI makes more 
credible. When vendors can synthesize verified 
customer outcome data, independent benchmark 
results, and threat intelligence coverage statistics 
into personalized comparisons with named 
competitors, they move beyond self-referential 
marketing claims toward evidence that buyers can 
evaluate against their own criteria. The persuasive 
power of this approach lies precisely in its 
specificity: a benchmark that shows detection rates 
for the exact threat categories most relevant to a 

 industry is far more convincing than 
generic efficacy statistics [15]. 

 
 

 
 

What this 7Ps analysis reveals, is not a set 
of disparate AI applications in different marketing 
domains, but rather a set of interconnected 
capabilities that operate best in concert with one 
another as a system. The telemetry data used to 
inform product adaptation is the same telemetry 
data used to populate physical evidence 
dashboards. The intent indicators used to inform 
promotional targeting are the same intent indicators 
used to inform sales engineer coaching and channel 
lead routing. The risk indicators used to inform 
pricing decisions are the same risk 



 
   

 
 

indicators used to inform the customer success 
process. This is all important to understand in order 
to realize the maximum competitive potential in 
marketing with AI. 

The 3-tier framework that is being proposed 
in this paper (shown in Table II) structures these 
interdependencies in accordance with the logical 
progression of the marketing activities, as 
facilitated by AI which spans from data acquisition 
to generation of intelligence, via AI-enabled 
processing, driving quantifiable outcomes. 

 
TABLE II AI-AUGMENTED B2B MARKETING MIX 

FRAMEWORK 
 

Framewor 
k Layer 

AI 
Capabilit 
y 

7Ps 
Impacte 
d 

Strategic 
Outcome 

Intelligenc 
e Layer 
(Input) 

Threat 
telemetry 
analytics, 
intent data 
mining, 
behavioral 
tracking 

Product, 
Promotio 
n, Price 

Real-time 
market 
sensing; 
predictive 
demand 
signals 

Orchestrati 
on Layer 
(Processin 
g) 

LLMs, 
predictive 
engines, 
NLP, 
automated 
workflows 

Promotio 
n, 
Process, 
People, 
Place 

Dynamic 
reconfigurati 
on of 
marketing 
activities 

Outcome 
Layer 
(Strategic 
Value) 

Evidence 
dashboard 
s, trust 
scoring, 
CAC 
optimizati 
on 

Physical 
Evidence 
, Price, 
Place 

Reduced 
CAC, 
shorter sales 
cycles, 
epistemic 
trust 

 

Intelligence Layer (Input): The 
foundation of the framework is an integrated data 
infrastructure that aggregates signals from multiple 
sources simultaneously: global threat telemetry 
from security sensor networks, buyer 

intent data from behavioral tracking platforms, 
product usage data from deployed SaaS instances, 
and competitive intelligence from market 
monitoring systems. The defining characteristic of 
this layer is continuity it is not a periodic research 
exercise but an ongoing collection mechanism that 
feeds the orchestration layer in near real-time. 

Orchestration Layer (Processing): At the 
center   of   the framework, AI 
capabilities including large language models for 
content generation, predictive analytics for 
propensity modeling, natural language processing 
for conversation analysis, and workflow 
automation for process execution operate on the 
intelligence inputs to produce specific marketing 
outputs across all seven elements of the mix. The 
key principle at this layer is coordination: the AI 
systems governing promotional targeting, pricing, 
channel routing, and customer success monitoring 
should be drawing from the same data and 
operating toward the same strategic objectives, 
rather than functioning as siloed point solutions. 

Outcome Layer (Strategic Value): The 
practical   consequences   of   integrated AI-
orchestrated marketing are captured in three 
outcome categories: reduced customer acquisition 
cost, shorter sales cycles, and stronger epistemic 
trust. These are not independent metrics but 
connected results of the same underlying shift
when buyers can more easily evaluate vendor 
claims, trust them, and act on them, the entire 
commercial process becomes more efficient. 

The framework departs from conventional 
marketing mix models in one important respect: it 
treats the 7Ps not as independent variables but as a 
system in which changes in any one element have 
implications for the others. This is not a purely 
theoretical distinction; it has practical 
consequences for how marketing organizations 
should structure their AI investments, governance 
arrangements, and performance measurement 
systems. 

 
 

 
 



 
   

 
 

  

The review makes three contributions to 
marketing theory. First, by applying the dynamic 
capabilities framework to marketing rather than to 
firm-level strategy, it positions AI not as a tool 
within the marketing function but as a 
metacapability that governs how all other 
marketing resources people, processes, content, 
data are combined and deployed. This distinction 

effects in marketing depend not just on which tools 
an organization adopts but on how deeply those 
tools are integrated into strategy and organizational 
capability [3][24]. 

Second, the paper contributes to the 
relatively underdeveloped conversation about 
cognitive load in B2B purchasing. While 
framework has been widely applied in educational 
psychology and consumer behavior, its application 
to enterprise procurement decisions is limited. The 
argument that AI-mediated evidence generation 
reduces extraneous cognitive load for buyers and 
thereby accelerates trust formation and that this 
trust is qualitatively different from the relational 
trust studied in most B2B marketing literature
offers a productive framework for future empirical 
work [6][29]. 

Third, the information asymmetry 
argument provides a theoretical account of why AI-
generated evidence has competitive value that goes 
beyond its content. When a vendor can produce 
objective, verifiable, contextualized performance 
data that buyers can evaluate without deep technical 
expertise, it changes the competitive basis of the 
market in ways that favor vendors with the best 
evidence infrastructure rather than the best sales 
relationships [22]. 

  

For cybersecurity vendors, the analysis 
suggests that piecemeal AI adoption adding a 
chatbot here, a personalization tool there is 
unlikely to produce the competitive advantages that 
the framework implies. The returns from AI in 
marketing appear to be highest when capabilities 
are developed across the full marketing mix and 
governed through an integrated 

data infrastructure, rather than layered onto existing 
manual processes as point solutions. This has 
implications for investment prioritization, 
organizational structure, and the governance of data 
as a strategic asset [30]. 

For sales organizations specifically, the 
People analysis points toward a meaningful change 
in what is required of frontline commercial teams. 
The skills that matter most in an AI-
augmented sales environment interpreting and 
communicating AI-generated evidence, navigating 
AI-orchestrated customer journeys, and focusing 
human energy on the interpersonal dimensions of 
complex deals are different from those 
emphasized in traditional sales training programs. 
Organizations that recognize this shift early will 
have an advantage in talent development [10]. 

  

Several limitations of this review deserve 
acknowledgment. As a systematic review rather 
than an empirical study, it synthesizes existing 
research rather than generating new observations, 
and it is therefore limited by the scope and quality 
of the published literature. The commercial 
deployment of agentic AI in marketing contexts is 
recent enough that rigorous longitudinal outcome 
studies are scarce; many of the mechanisms 
described in this paper are well-supported 
theoretically but await systematic empirical 
validation. 

The review also focuses primarily on large 
enterprise vendors. The cybersecurity sector 
includes a diverse population of mid-market 
players, managed service providers, and regional 
specialists whose marketing challenges and AI 
capabilities may differ significantly from those of 
the global vendors that dominate the academic 

 developing cybersecurity 
ecosystem particularly the concentration of 
technology firms in Pune, Bangalore, and 
Hyderabad represents an under-studied context 
where the relationship between AI marketing 
capability and competitive outcomes may look 
quite different from patterns observed in Western 
enterprise markets [23]. 



 
   

 
 

The ethical dimensions of AI-driven 
marketing also warrant more systematic attention 
than this review has been able to provide. Research 
on algorithmic aversion has shown that buyers 
sometimes respond negatively to personalization 
when they perceive that their behavior is being 
monitored or their decisions are being influenced 
without disclosure [8]. The conditions under which 
AI-driven evidence generation and personalization 
enhance rather than undermine buyer trust remain 
an open empirical question, and one with direct 
commercial and regulatory implications. 

Effective directions for future research 
include longitudinal studies of AI marketing 
capability and customer lifetime value in 
cybersecurity; experimental studies of the cognitive 
load and trust mechanisms described in Section II; 
comparative studies examining whether the  
framework  generalizes  to  other high-
complexity B2B technology markets; and 
qualitative organizational research on the 
governance and talent challenges involved in 
building integrated AI marketing capability. 

 
 

  

The key rationale of this paper is that the 
importance of AI for B2B marketing in 
cybersecurity is architectural rather than 
operational. It is not about doing marketing more 
efficiently; it is about fundamentally changing what 
marketing is, how marketing relates to other 
marketing functions, and what marketing is capable 
of achieving. Products that learn continuously, 
prices that adjust to individual risk profiles, 
promotions that focus on buyer intent, channels that 
are managed through performance intelligence, 
sales engineers that are assisted through real-time 
decision technologies, customers that are managed 
through predictive health scoring, credibility that is 
built through evidence of outcomes this is not 
marketing that is more efficient; this is marketing 
that is fundamentally different from how we have 
traditionally conceived of marketing. 

The model presented in this -
tier framework of intelligence gathering, AI-
mediated orchestration, and strategic outcome 
measurement offers a useful way to think about 
how these capabilities interact with one another and 
how they relate to the competitive objectives they 
ultimately serve. The value of the model is not in 
identifying the various AI technologies at the 
disposal of cybersecurity marketers; rather, it is in 
illuminating the logic that connects investments in 
AI capability to marketing performance and 
ultimately to the epistemic trust that underwrites 
purchasing decisions in a sector structurally 
resistant to proof of value. 

Further empirical validations are needed 
today and in future, since the practice of AI in B2B 
marketing is progressing at a relatively faster rate 
than the speed of literature research. The models or 
frameworks discussed here, are intended to provide 
a direction or base rather than replacing empirical 
research. 

As derived from initial inferences drawn at 
this stage, organizations that consider AI as a 
marketing capability rather than a marketing tool, 
and those organizations that invest in the data 
processing, infrastructure, organizational 
integration, and capability development required to 

 potential, are expected to redefine 
what constitutes a competitive edge in enterprise 
cybersecurity markets in the near future. 
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