
 

 

 

 
 
 
 
 

Ali Ayub Khan 

SELLING AI IN B2B SAAS 
How AI-native and incumbent 
B2B SaaS firms communicate 

value and trust in enterprise 
AI markets 

 
 
 
 
 
 
 

 
Master’s Thesis 

Faculty of Management and Business 
Business and Technology 

2026 
Examiners: Matias Ståhle and Jussi Valta



i 

ABSTRACT 

Ali Ayub Khan: Selling AI in B2B SaaS: How AI-native and incumbent B2B SaaS firms 
communicate value and trust in enterprise AI markets 
Master's Thesis 
Tampere University 
Master's Degree Programme in Business and Technology 
May 2026 

Enterprise artificial intelligence (AI) creates a practical communication problem for business-to-
business software-as-a-service (B2B SaaS) vendors. Enterprise buyers are asked to evaluate 
systems whose quality, governance, security and business impact are difficult to judge before 
implementation, while vendors must make their AI offerings understandable and credible through 
public communication. This thesis examines how AI-native and incumbent B2B SaaS firms 
convey the value and credibility of AI solutions to enterprise buyers. 
The study is performed as a qualitative document-based comparative study. The data consist of 
public documents and webpages produced by B2B SaaS vendors, including AI landing pages, 
product pages, pricing pages, trust and security pages, and selected case studies. The sample 
includes 40 companies: 20 AI-native firms and 20 incumbent firms. Qualitative content analysis 
is used to code value proposition communication, message orientation, trust signals, monetization 
models, and alignment between value claims and commercial logic. 
Both cohorts primarily use outcome-focused value claims rather than purely technical feature 
claims. However, the cohorts differ in how they establish credibility. AI-native firms more often 
use formal assurance, safety language, certifications, customer logos, and external validation to 
compensate for weaker historical legitimacy. Incumbent firms more often rely on installed-base 
legitimacy, enterprise governance, brand continuity, and scale. The study also finds that outcome-
focused messaging is more developed than outcome-linked monetization: many vendors 
communicate AI as a source of business impact while still pricing it through familiar SaaS access, 
seat, usage, or enterprise-license models. 
The thesis contributes by connecting value-based selling, customer value proposition literature, 
and signaling theory in the context of public enterprise AI communication. It shows that AI-native 
and incumbent firms are converging in the language of value but diverging in the construction of 
trust. 

Keywords: artificial intelligence, B2B SaaS, customer value proposition, value-based 

selling, signaling theory, trust signals, AI commercialization 
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1. INTRODUCTION 

1.1 Background of the study 

Enterprise artificial intelligence (AI) creates a market-facing communication problem 

before it creates a sales opportunity. Enterprise buyers are asked to assess systems 

whose quality, governance, security and business value are difficult to observe before 

implementation. Vendors therefore need to explain not only what the AI does, but why it 

matters for the buyer's work, what value it is expected to create, and why the claim can 

be trusted. Recent B2B AI research treats AI adoption as a managerial and relational 

issue as well as a technical one, because value depends on organizational capabilities, 

data, expertise and buyer confidence (Mikalef, Conboy and Krogstie, 2021; Keegan, 

Canhoto and Yen, 2022; Gaczek, Leszczyński and Mouakher, 2023). 

This makes the problem primarily a B2B marketing communication problem. In this 

thesis, market-facing communication means the public messages and proof points that 

vendors place in AI pages, product pages, pricing pages, trust centers and case studies 

before direct interaction with a buyer. These materials do not close a sale by themselves, 

but they shape early buyer expectations and prepare later commercial conversations. 

For product marketers and sales teams, they provide the vocabulary for value claims. 

For enterprise buyers, they provide early cues for assessing risk, maturity and credibility. 

The B2B SaaS setting is particularly important because many enterprise software 

systems become embedded in workflows, data models, governance processes and 

subscription agreements. Adoption can involve switching costs, integration work, 

compliance evaluation, user training and internal change management. AI can intensify 

these issues because buyers also need to consider model reliability, explainability, data 

protection, accountability and the possibility of inaccurate or unstable outputs. This 

means that AI communication must often address both business value and control of 

uncertainty (Chen et al., 2022; Moradi and Dass, 2022; Romeo and Lacko, 2026). 

This thesis is positioned mainly in B2B marketing rather than in direct selling. Marketing 

is treated here as the firm's work of defining markets, positioning offerings and 

communicating value to groups of potential buyers. Sales refers to direct account-level 

interaction where a supplier develops, negotiates and verifies value with a specific buyer. 
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The two functions are connected in B2B organizations and their boundaries vary in 

practice (Homburg, Jensen and Krohmer, 2008; Chernetsky, Hughes and Schrock, 

2022), but the empirical material in this thesis is public vendor communication, not sales 

calls or account negotiations. Value-based selling is therefore used as a theoretical lens 

for interpreting outcome logic in market-facing materials. 

Signaling theory plays an important role in this thesis. In situations where there are 

information asymmetries, a party may be able to send observable signals to convey 

qualities of another party which they cannot verify themselves (Connelly et al., 2011; 

Spence, 1973). The following types of signals may help to decrease uncertainty 

regarding a vendor's credibility in enterprise AI markets: certifications, trust centers, 

customer logos, partner references, case studies and quantifiable results. Thus, 

signaling theory offers an appropriate framework for understanding how vendors seek to 

make their claims of AI value credible. 

The comparison of AI-native and incumbent firms is a second analytical layer. AI-native 

firms are treated as firms whose product identity, strategic positioning or core offering is 

built primarily around AI. Incumbent firms are established B2B SaaS or enterprise 

software providers that integrate AI into existing platforms, suites or workflows. The 

distinction matters because the two groups can face different credibility burdens. AI-

native firms often need to prove enterprise readiness; incumbents often need to prove 

that their AI is more than a feature added to an existing platform. 

1.2 Research gap 

Prior literature provides useful but incomplete foundations for this problem. Customer 

value proposition and value-based selling research explains why B2B suppliers should 

move beyond feature descriptions and communicate customer-relevant outcomes 

(Anderson, Narus and van Rossum, 2006; Terho et al., 2012; Payne, Frow and Eggert, 

2017; Keränen et al., 2023). Signaling theory explains how sellers can use observable 

cues to reduce buyer uncertainty when quality cannot be fully observed before purchase 

(Connelly et al., 2011; Sombultawee et al., 2025). Recent B2B AI research also shows 

that AI adoption involves organizational readiness, data quality, power relations, 

explainability and trust, not only technical functionality (Mikalef, Conboy and Krogstie, 

2021; Keegan, Canhoto and Yen, 2022; Gaczek, Leszczyński and Mouakher, 2023). 

What remains less clear is how these ideas appear together in public enterprise AI 

communication. Value-based selling research has usually focused on sales capabilities, 

interpersonal selling, and customer interaction. Signaling research has often studied 
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market signals, online trust, or organizational credibility more generally. There is less 

comparative work on how AI-native and incumbent B2B SaaS firms combine value 

promises and trust signals in public artifacts that enterprise buyers can inspect before 

direct contact with the vendor. 

The gap is therefore not simply that the topic has received limited attention. The stronger 

reason for studying it is that public AI communication now plays a practical role in 

enterprise commercialization. It helps define what buyers expect AI to deliver, how safe 

or mature vendors appear, and whether pricing logic supports or weakens the value 

story. Research on emerging technology value propositions also suggests that value 

framing can change as firms try to reduce uncertainty around new technologies 

(Nussipova, 2022). Studying these public artifacts can therefore show how enterprise AI 

is being made commercially understandable and credible in the market. 

1.3 Purpose and objective of the study 

The purpose of this thesis is to examine how AI-native and incumbent B2B SaaS firms 

communicate AI value and trustworthiness through public market-facing materials. The 

study focuses on vendor-side communication, not on the objective performance of AI 

systems or on buyer-side perception. The empirical object is the way firms present their 

AI offerings as value propositions, orient those messages toward features or outcomes, 

support the claims with trust signals, and connect the value rhetoric to monetization 

models. 

The objective is to develop a comparative understanding of how the two cohorts 

communicate enterprise AI. The study does not rank firms or identify which vendor is 

doing AI communication best. Instead, it identifies patterns in how AI is made 

commercially meaningful and credible in public communication. 

1.4 Research questions, approach, and delimitations 

The thesis addresses three research questions: 

RQ1: How do AI-native and incumbent B2B SaaS firms communicate the value 

proposition of AI solutions? 

RQ2: What message orientation characterizes the market-facing communication of AI 

solutions across the two cohorts? 
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RQ3: How do AI-native and incumbent B2B SaaS firms use trust signals to reduce 

perceived enterprise adoption risk? 

In RQ2, message orientation refers to whether the dominant communication logic is 

feature-focused, outcome-focused, or hybrid. Feature-focused communication 

emphasizes what the technology is or does as a capability. Outcome-focused 

communication emphasizes customer consequences such as productivity, time savings, 

revenue growth, service efficiency, or risk reduction. In RQ3, trust signals are analysed 

through institutional, relational, and performance-based categories. These categories 

are explained in Chapters 2 and 3. 

The research questions are approached through a qualitative document-based 

comparative study. Public vendor materials were collected from 40 B2B SaaS firms, 

divided evenly between 20 AI-native and 20 incumbent firms. The material was coded 

for value proposition communication, message orientation, trust signals, monetization 

model and monetization alignment. Chapter 3 describes the sampling, data collection 

and coding procedure in detail. 

The study is limited to B2B SaaS firms with visible enterprise AI offerings. A firm was 

included when AI was presented as a meaningful part of its market-facing enterprise 

offering and when enough public material existed for analysis. AI-native firms are defined 

as firms whose product identity, strategic positioning, or core offering is built primarily 

around AI. Incumbent firms are established SaaS or enterprise software providers that 

integrate AI into existing platforms, suites, or workflows. 

This study excludes consumer-only AI products, hardware-only AI providers, consulting-

led AI services, and model or infrastructure providers without a visible enterprise SaaS-

focused offering. It also excludes private sales presentations, internal strategy 

documents, procurement discussions, and buyer interviews. The empirical evidence 

consists only of public materials available during the data collection period. 

The thesis examines communication, signaling, and monetization alignment. It does not 

verify whether the technical claims made by vendors are objectively true in use. It also 

does not measure realized customer value after adoption. These delimitations are 

necessary because the aim is to understand public vendor communication rather than 

technical system performance or buyer decision-making. 
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1.5 Structure of the thesis 

The thesis consists of six chapters. Chapter 1 introduces the research problem, gap, 

purpose, research questions, approach and delimitations. Chapter 2 develops the 

theoretical background by discussing customer value, value-based selling, customer 

value propositions, B2B marketing and sales, signaling theory, trust signals, and the 

enterprise AI SaaS context. Chapter 3 explains the qualitative document-based 

comparative research design, sample construction, data collection, coding framework, 

and credibility logic. Chapter 4 presents the findings. Chapter 5 discusses the findings in 

relation to the research questions and prior literature. Chapter 6 concludes the thesis by 

presenting the main contribution, implications, limitations and future research directions. 
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2. THEORETICAL BACKGROUND 

This chapter develops the conceptual basis for analysing public enterprise AI 

communication. The chapter is organised around a hierarchy of concepts. The main 

phenomenon is B2B market-facing communication of enterprise AI. The two main 

theoretical lenses are customer value proposition and value-based selling logic on one 

side and signaling theory and trust signals on the other. Enterprise AI and B2B SaaS 

commercialization are treated as contextual literature because they explain why value 

and trust concerns are especially visible in this setting. 

2.1 Customer value and value-based selling in B2B markets 

Customer value is a central concept in this thesis. It is understood as the perceived net 

benefit that a customer expects to receive from an offering after considering both benefits 

and sacrifices. This follows the broader view that value is not only the quality of a product, 

but the customer's assessment of what is received relative to what is given (Zeithaml, 

1988; Woodruff, 1997). A recent meta-analysis of customer perceived value also 

supports an integrative structure in which benefits, sacrifices and overall value are 

treated together (Blut et al., 2024). Benefits may include productivity, cost reduction, 

revenue growth, risk reduction, service quality, faster decision-making or strategic 

flexibility. Sacrifices may include price, implementation effort, switching costs, integration 

burden, governance work, employee training and adoption risk. This definition is 

important because enterprise AI is rarely evaluated only as a tool. It is evaluated as a 

possible change to work processes, risk exposure and business performance. 

Value-based selling (VBS) builds on this customer value logic by shifting the supplier's 

focus from product features to customer outcomes. Terho et al. (2012) define VBS as a 

selling approach in which suppliers work to understand and communicate how their 

offering contributes to the customer's business. Töytäri and Rajala (2015) further argue 

that VBS is an organizational capability that depends on customer insight, value 

quantification, value communication, and value verification. More recent work also 

argues that VBS research needs stronger theoretical grounding and clearer explanation 

of how customers interpret value claims and build value-based selling capability 

(Keränen et al., 2023; Liu, Zhao and Wang, 2023). 
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In this thesis, VBS is not used to claim that public website communication is the same 

as personal selling. Rather, VBS provides a lens for identifying whether vendors frame 

AI in terms of business outcomes or merely describe technical capabilities. This 

distinction matters because enterprise buyers often need to justify technology adoption 

internally in business terms. This also connects to recent research on practical value 

tools and customer value proposition communication in B2B sales work, where value 

communication must translate abstract benefits into concrete customer-relevant 

evidence and adapt to different buying-center actors (Pöyry, Parvinen and Martens, 

2021; Bischoff et al., 2023). 

2.2 Customer value propositions and message orientation 

A customer value proposition is the supplier's articulated promise of value to a target 

customer. Anderson, Narus and van Rossum (2006) argue that strong customer value 

propositions should move beyond broad claims and focus on the specific benefits that 

matter to the customer. Payne, Frow and Eggert (2017) also show that customer value 

propositions are not merely slogans; they connect the firm's intended value with the 

customer's context, use situation and decision criteria. Wouters and Kirchberger (2015) 

show that value propositions can help suppliers and customers make sense of uncertain 

innovations, while Mishra, Ewing and Pitt (2020) show that articulated customer value 

propositions are connected to B2B market performance. This is especially relevant for 

AI because the technology is often difficult to evaluate before use. 

It is useful to distinguish value creation, value proposition, value communication, and 

value capture. Value creation refers to how an offering produces benefits in use and is 

closely related to service-dominant views of value as something realized through use 

rather than simply embedded in a product (Vargo and Lusch, 2004). A value proposition 

refers to the promise of those benefits. Value communication refers to how the supplier 

presents that promise to the market. Value capture refers to how the supplier monetizes 

the offering. This thesis mainly studies value proposition communication. Monetization 

alignment is included as a supporting analytical dimension because pricing can either 

support or weaken the value logic, but the thesis does not measure actual value creation 

or value capture after implementation. 

Message orientation is treated as a narrower analytical construct inside value proposition 

communication. A message can be feature-focused, outcome-focused, or hybrid. 

Feature-focused communication emphasizes what the AI capability is, such as a copilot, 

model, agent, vector database, data platform, or automation engine. Outcome-focused 
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communication emphasizes what the AI enables for the customer, such as saving time, 

improving service resolution, increasing revenue, reducing manual work, or improving 

decision quality. Hybrid communication uses both logics without one clearly dominating. 

2.3 B2B marketing, sales, and market-facing communication 

The thesis is mainly positioned in B2B marketing and market-facing communication. 

Sales and marketing can be separate organizational functions, but B2B firms often need 

coordination between them when they define value propositions, develop proof points, 

create customer references and prepare buyers for commercial conversations 

(Homburg, Jensen and Krohmer, 2008; Chernetsky, Hughes and Schrock, 2022). In this 

thesis, marketing refers to public positioning and value communication aimed at a market 

or buyer group, while sales refers to direct interaction with a specific customer account. 

The distinction is important because the empirical evidence is public marketing material, 

even though the value logic is informed by value-based selling literature. 

Public vendor communication can be understood as a pre-sales environment in which 

buyers form early expectations. Before contacting a vendor, enterprise buyers can often 

inspect product pages, AI landing pages, customer stories, trust centers, pricing pages, 

and security documentation. These materials may not close a sale, but they shape what 

the buyer believes the vendor is promising and how credible that promise appears. Prior 

work on online commerce similarly treats website cues as signals that can reduce 

information asymmetry under uncertainty (Mavlanova, Benbunan-Fich and Koufaris, 

2012). 

2.4 Signaling theory and information asymmetry 

Signaling theory explains how observable cues can reduce information asymmetry 

between parties (Spence, 1973). In organizational and market settings, signals are 

especially important when one party has information that another party cannot directly 

verify (Connelly et al., 2011). Enterprise AI creates this kind of asymmetry. Buyers cannot 

fully know in advance whether an AI system will be secure, accurate, governable, 

scalable, or valuable in their own organization. 

For this reason, public vendor communication includes more than value claims. It also 

includes credibility cues. Certifications, security frameworks, privacy statements, 

customer logos, partner references, case study outcomes, benchmarks, and adoption 

numbers can all work as signals. Recent B2B research also shows that signal credibility 
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and consistency can influence buyer trust in online market settings (Sombultawee et al., 

2025). This makes signaling theory a useful complement to value-based selling in the 

analysis of enterprise AI communication. 

2.5 Trust signals in enterprise technology markets 

Trust is important in B2B markets because buyers often commit to relationships before 

all future outcomes are known. In this thesis, trust means a buyer's willingness to rely on 

a vendor's AI-related claims despite incomplete knowledge about the system's future 

performance, governance and business impact. Akrout et al. (2016) show that trust in 

buyer-seller relationships has both relational and affective dimensions, while AI research 

emphasizes that trust depends on the perceived reliability, competence and context of 

the AI system and the actor behind it (Glikson and Woolley, 2020; Kaplan et al., 2023). 

In enterprise technology markets, trust is rarely built through a single statement. It is 

assembled through several types of observable evidence. 

This thesis synthesizes trust signals into three categories. Institutional trust signals refer 

to formal assurance, governance, compliance, privacy, security, trust centers, and 

certifications. Relational trust signals refer to customer logos, partner references, 

adoption counts, ecosystem backing, and market leadership claims. Performance trust 

signals refer to quantified outcomes, efficiency claims, benchmarks, case study results, 

and other evidence that the offering has produced value. These categories are analytical 

rather than mutually exclusive in practice, because one vendor page can contain several 

signal types. In cloud and digital service markets, certifications can also function as 

strategic trust signals because they make otherwise hard-to-observe assurances more 

visible (Lansing et al., 2019). 

2.6 Enterprise AI and B2B SaaS commercialization context 

B2B SaaS commercialization provides the context for the study. SaaS offerings are 

usually sold through ongoing subscription or usage relationships rather than one-time 

product transactions. Prior SaaS adoption research has identified perceived strategic 

value, uncertainty, trust, and perceived risk as important factors in adoption (Benlian, 

Hess and Buxmann, 2009; Heart, 2010; Chou and Chiang, 2013). AI can intensify these 

concerns because buyers may have to evaluate probabilistic outputs, changing model 

capabilities, data governance, and organizational accountability. 
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Recent studies on AI in B2B marketing show that adoption depends not only on the 

technology itself, but also on organizational readiness, data quality, explainability, the 

division of power between actors and the ability to integrate AI into existing commercial 

processes (Mikalef, Conboy and Krogstie, 2021; Keegan, Canhoto and Yen, 2022; 

Moradi and Dass, 2022; Gaczek, Leszczyński and Mouakher, 2023). This matters for 

public communication because vendors need to make AI appear useful, controllable and 

credible before buyers can observe its performance in their own organization. 

Monetization adds another contextual layer, but it is not the main object of this thesis. 

The thesis does not measure value capture in use or evaluate whether vendors earn the 

value they claim to create. Instead, monetization alignment is used as a supporting 

indicator of whether the public pricing logic appears consistent with the value rhetoric. 

Software firms may describe AI in outcome terms while still charging through seat-based, 

usage-based, credit-based or enterprise license models. Research on pricing capability 

for digital innovations shows that pricing is itself a capability that develops over time and 

can lag behind innovation claims (Laatikainen and Ojala, 2023). For this reason, 

monetization alignment is included in the analysis to examine whether pricing logic 

supports the communicated value logic. 

2.7 Literature synthesis and conceptual framework 

The literature indicates three expectations. First, value-based selling and customer value 

proposition literature suggest that vendors should communicate enterprise AI through a 

customer-centric lens rather than only through technological characteristics. Second, 

signaling and trust literature suggest that when customers cannot validate quality before 

purchase, credible signals are needed to make value claims believable. Third, B2B SaaS 

and AI adoption literature suggests that governance, integration, explainability, pricing 

and organizational readiness shape how AI is commercialized. The critical point is that 

these streams do not automatically explain the same thing: value literature explains what 

is promised, signaling literature explains why the promise might be believed, and AI 

commercialization literature explains why this setting creates a stronger need for both. 

What the literature does not fully explain is how these elements appear together in public 

market-facing communication and whether AI-native and incumbent firms combine them 

differently. The conceptual framework in Figure 1 therefore links firm type, value 

proposition communication, message orientation, trust signaling and monetization 

alignment. The arrows in the figure should be read as analytical links rather than causal 

effects. Firm type shapes the credibility resources and burdens available to a vendor; 
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value proposition communication is examined through message orientation; trust 

signaling and monetization alignment show how the value claim is made credible and 

commercially concrete. The framework provides the bridge between the theoretical 

background and the empirical coding described in Chapter 3. 

 

Figure 1. Conceptual framework of the thesis 
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3. METHODOLOGY 

3.1 Research design: qualitative document-based comparative 

study 

The study is based on a qualitative document-based comparative design. The empirical 

material consists of publicly available documents and webpages produced by B2B SaaS 

firms, including AI landing pages, product pages, pricing pages, trust and security pages, 

and selected case study materials. The sample includes 40 firms: 20 AI-native firms and 

20 incumbent firms. Qualitative content analysis was used to examine how firms 

communicated value propositions, message orientation, trust signals, monetization 

models, and the alignment between commercial logic and value claims. 

Document-based research is suitable because the research questions concern public 

communication. Documents are not neutral reflections of reality, but they are meaningful 

social and organizational artifacts that show how actors choose to present themselves 

(Atkinson and Coffey, 2004; Bowen, 2009). In this thesis, vendor webpages are analysed 

as market-facing artifacts through which firms communicate value, credibility, and 

commercial logic to enterprise buyers. 

The design is comparative and cross-sectional. It compares two cohorts, AI-native and 

incumbent B2B SaaS firms, and captures their public communication during one data 

collection period. The purpose is analytical comparison, not statistical generalization. 

Figure 2 visualizes the research process. The main movement in the analysis was from 

artifact-level observations to firm-level coding and then to cross-cohort synthesis. 

 

Figure 2. Research process and coding flow 

3.2 Comparative logic and analytical units 

The level of analysis is market-facing enterprise AI communication across firm cohorts. 

The unit of analysis is the firm, because each firm is treated as one analytical case. The 
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unit of observation is the public artifact, including AI landing pages, product pages, 

pricing pages, trust or security pages, case studies, and related website materials. 

Several artifacts can therefore inform one firm-level coding decision. 

This design follows the logic that enterprise AI communication is rarely contained in a 

single webpage. A vendor may state the value proposition on an AI product page, provide 

trust signals on a security page, show performance evidence in a case study, and reveal 

monetization logic on a pricing page. The firm-level case therefore combines evidence 

from multiple public artifacts. 

3.3 Sample selection and cohort definitions 

The sample contains 40 firms: 20 AI-native firms and 20 incumbent B2B SaaS firms. The 

sample was purposive rather than statistically representative, following a logic of 

information-rich case selection (Patton, 2015). Firms were selected because they were 

visible and analytically relevant examples of enterprise AI communication and because 

sufficient public material was available for coding. Candidate firms were identified 

through iterative searches of public vendor websites, enterprise AI product categories, 

known B2B SaaS segments, public AI product pages, and market-visible software 

categories. The initial candidate list was then screened manually against the inclusion 

criteria before the final 20 AI-native and 20 incumbent firms were selected. 

The company search began with visible B2B SaaS and enterprise AI providers that 

appeared in market discussions, product categories, customer-facing AI pages, and 

known software segments such as CRM, collaboration, enterprise search, customer 

service, data platforms, creative software, developer infrastructure, legal technology, and 

workflow automation. Candidate firms were screened against four inclusion criteria: the 

firm had to operate in B2B SaaS or enterprise software; AI had to be visible in the public 

offering; sufficient public artifacts had to be available; and the firm had to be classifiable 

as either AI-native or incumbent. 

An AI-native firm was coded as such when its product identity, strategic positioning, or 

core offering was built primarily around AI. An incumbent firm was coded as such when 

it was an established enterprise software or SaaS provider that had integrated AI into an 

existing platform or suite. The sample is not intended to estimate the population 

distribution of all enterprise AI vendors. It is intended to capture prominent and 

comparable examples of public AI communication across two theoretically meaningful 

cohorts. 
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Because of this sampling logic, findings are phrased as patterns within the sample. 

Terms such as 'most common' refer to the 40 analysed firms, not to the entire B2B SaaS 

market. 

3.4 Data sources and collection procedure 

The data were gathered manually from 2 April 2026 to 9 April 2026. For every company 

studied, the primary artifact was the company's main webpage for its AI or AI-related 

product. Other artifacts included pricing pages, enterprise and security pages, trust 

centers, case studies, customer story webpages, and additional materials on products 

directly related to the primary offering when such materials were available. 

Manual data gathering was necessary because the study required interpretive judgement 

about value claims, trust signals, and monetization logic. Automated keyword counting 

would not have captured whether a page was mainly feature-focused or outcome-

focused. It also could not determine how a certification, customer logo, or case study 

result functioned as a trust signal. The dataset therefore includes URLs, selected quotes, 

notes, coding rationales, and references to the original public sources. 

The full list of firms is provided in Appendix A. The expanded coding framework is 

presented in Table 1 and retained in Appendix B as an audit trail. Condensed firm-level 

evidence and source URLs are provided in Appendices C and D. 

3.5 Coding framework and decision rules 

The coding framework was developed from the theoretical background and the structure 

of the empirical dataset. The main dimensions were message orientation, trust signals, 

monetization model and monetization alignment. Table 1 presents the expanded coding 

definitions and decision rules used to interpret the public artifacts. The purpose of the 

table is to make the interpretive steps visible before the findings are presented. 

Message orientation was coded as outcome-focused when the dominant communication 

emphasized business consequences such as productivity, efficiency, revenue growth, 

service quality, risk reduction or time savings. It was coded as feature-focused when the 

dominant communication emphasized AI capability, model type, automation mechanism 

or technical architecture. Hybrid orientation was used when feature and outcome logics 

were both prominent and neither clearly dominated. 

Trust signals were coded as institutional, relational or performance based. Institutional 

signals included compliance, governance, security, privacy, certifications and trust 
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centers. Relational signals included customer logos, partner references, adoption 

counts, ecosystem backing and trusted-by claims. Performance signals included 

quantified gains, benchmark claims, case study outcomes and other evidence that the 

offering could produce business impact. Monetization alignment was coded separately 

by comparing the dominant value logic with the visible pricing logic. Alignment was 

considered stronger when the pricing model was connected to usage, action, scale or 

outcome logic, and weaker when the value rhetoric was outcome-led but the pricing logic 

remained generic or unavailable. 

Table 1. Expanded coding framework and decision rules 

Code / field Definition Include when Exclude when 

Outcome-focused 
message orientation 

Dominant communication emphasizes 
customer or business consequences. 

Claims stress outcomes, 
results, ROI, speed, 

productivity, risk 
reduction, or service 
improvement. 

The communication mainly lists AI 
capabilities without clear customer 

consequences. 

Feature-focused 
message orientation 

Dominant communication emphasizes 
what the AI capability is or does 
technically. 

Claims foreground 
models, agents, data 
platforms, automation 
mechanics, generation, 
search, or orchestration. 

The feature is clearly translated into a 
primary business outcome claim. 

Hybrid message 
orientation 

Feature and outcome logics are both 
prominent and neither is clearly 
stronger. 

The communication gives 
comparable weight to 
capability and customer 

outcome. 

One logic is clearly dominant across 
the public artifacts. 

Institutional trust signal Formal legitimacy cue indicating 
control, governance, compliance, or 
security maturity. 

Certifications, standards, 
trust centers, data-
protection language, 

governance claims, 
privacy controls. 

Customer logos, adoption counts, or 
performance proof unless framed as 
formal assurance. 

Relational trust signal Cue showing that credible external 

actors already trust or use the vendor. 
Customer logos, partner 

references, trusted-by 
claims, adoption scale, 
ecosystem affiliations. 

Formal certifications or quantified 

outcomes. 

Performance trust 
signal 

Cue showing delivered or expected 
business impact. 

Quantified results, 
benchmarks, case-study 
outcomes, efficiency 
gains, revenue or cost 
effects. 

Generic benefit statements without 
evidence or quantification. 

Monetization alignment Interpretive assessment of how pricing 
logic supports the value rhetoric. 
Coded as very high, high, medium or 

low depending on the visible link 
between price and claimed value. 

Pricing is visible enough 
to compare with the value 
claim; action-, usage-, 

scale- or outcome-linked 
pricing supports stronger 
alignment. 

Pricing information is unavailable, too 
vague, or disconnected from the 
value logic presented in public 

communication. 

 

Table 1 presents the detailed coding rules used in the method section rather than leaving 

them only in the appendix. To make the coding process still more transparent, Table 2 

provides examples of how public statements or cues were interpreted. The expanded 

coding framework is retained in Appendix B as an audit trail. 
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Table 2. Examples of coding decisions 

Example from public material Code Reason 

Scale AI-powered digital labor 

across your business. Outcome-focused 
The phrase foregrounds business-scale labor 
and work execution rather than only a 
technical feature. 

Cortex: AI for Data Cloud. Feature-focused The phrase emphasizes platform capability 
and data-cloud positioning. 

SOC 2 Type II and ISO 27001. Institutional trust signal Formal third-party assurance signals 
governance and security readiness. 

Trusted by 200k+ customers 
globally. Relational trust signal Adoption scale is used as social proof. 

Resolves 65% of support 
conversations. Performance trust signal The claim uses a quantified operational 

result. 

3.6 Data analysis procedure 

The analysis proceeded in seven stages. First, the research focus and two cohorts were 

defined. Second, candidate firms were identified and screened. Third, public artifacts 

were collected manually. Fourth, each firm was coded for value proposition 

communication and message orientation. Fifth, trust signals were coded into institutional, 

relational and performance categories. Sixth, monetization models and alignment 

between value claims and pricing logic were coded. Finally, the coded cases were 

compared across the two cohorts and interpreted through the literature. Figure 2 is 

placed at the beginning of the method chapter to show this process before the detailed 

method choices are discussed. 

3.7 Methodological credibility and transparency 

The study uses single-researcher coding. Credibility therefore depends on transparency, 

consistency, and reviewability rather than intercoder reliability metrics. To support 

credibility, the coding categories were defined before the full analysis was completed; 

coding rationales were recorded in the dataset; multiple artifacts were used where 

available; and source URLs were retained as an audit trail. 

Broader limitations of the research design, including the public nature of the artifacts, the 

purposive sample, the single-coder approach, and the cross-sectional snapshot, are 

discussed in Chapter 6. 
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4. FINDINGS 

This chapter presents the empirical findings from the 40-firm sample. The chapter first 

describes the sample, then presents value proposition and message orientation patterns, 

trust signal patterns, monetization alignment, and a cross-cohort synthesis. Condensed 

firm-level coding evidence and source URLs are provided in the appendices. 

4.1 Overview of the sample 

The sample includes 20 AI-native firms and 20 incumbent B2B SaaS firms. The firms 

cover several enterprise software categories, including marketing and content AI, 

enterprise search, CRM, customer service, data platforms, legal technology, creative 

software, collaboration, workflow automation, and developer infrastructure. Table 3 

summarizes the sample at the cohort level. Appendix A provides the full firm-level 

overview. 

Table 3. Sample overview by cohort 

Cohort Firms Typical product 
categories Message pattern within sample Common monetization 

logic 

AI-native 20 
Marketing, search, 
content, legal, creative, 
developer, productivity, 
and customer-service AI 

18 outcome-focused; 2 feature-
focused 

Seat/subscription and 
usage models are most 
common 

Incumbent 20 

CRM, ERP, cloud, 
collaboration, data, 
workflow, and customer-
service platforms 

17 outcome-focused; 3 feature-
focused 

Seat/subscription, usage, 
and selective action-
based models are most 
common 

 

Table 3 shows that the two cohorts are comparable in size but different in market 

position. AI-native firms tend to present AI as the core product or identity. Incumbents 

tend to present AI as an extension of an existing enterprise platform. This distinction 

matters because it affects how each group constructs credibility. 

4.2 Value proposition and message orientation patterns 

Within the sample, outcome-focused communication was clearly the most common 

pattern. Thirty-five of the 40 firms were coded as outcome-focused, while five were coded 

as feature-focused. Among AI-native firms, 18 of 20 were outcome-focused and two were 
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feature-focused. Among incumbents, 17 of 20 were outcome-focused and three were 

feature-focused. Figure 3 presents this distribution. 

This finding answers RQ2 at the sample level: market-facing AI communication is most 

characterized by outcome-focused messaging. Vendors usually do not present 

enterprise AI only as a model, assistant, or automation engine. They connect it to 

business results such as productivity, faster work, revenue impact, improved service, or 

reduced manual effort. 

 

Figure 3. Message orientation distribution across cohorts 

The feature-focused exceptions are analytically useful. Pinecone and Midjourney in the 

AI-native cohort, and Oracle, Snowflake, and Databricks in the incumbent cohort, 

foreground platform, infrastructure, data, or creative capability. This suggests that 

product architecture matters: infrastructure-heavy offerings can more plausibly be 

communicated through capability language, while workflow and productivity offerings 

tend to be communicated through business outcomes. 

Table 4. Selected firm-level evidence for message-orientation coding 

Firm Cohort Orientation Value proposition quote Coding rationale 

Jasper AI-Native Outcome-focused Put AI agents to work for marketing. Jasper 
automates how content is made. 

Frames AI agents as a way to 
automate marketing content work. 

Glean AI-Native Outcome-focused Search once across every system. Bring 
clarity and impact. 

Connects search across systems with 
clarity and impact for knowledge work. 

Salesforce Incumbent Outcome-focused Scale AI-powered digital labor across your 
business. 

Positions AI as scalable digital labor for 
business processes. 

HubSpot Incumbent Outcome-focused Breeze: The AI that powers the entire 
customer platform. 

Links AI to a customer platform and 
business workflow support. 
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Firm Cohort Orientation Value proposition quote Coding rationale 

Pinecone AI-Native Feature-focused Search and personalize with AI. 
Emphasizes search and 
personalization capability rather than a 
specific business outcome. 

Intercom AI-Native Outcome-focused Future of customer service. Frames AI through customer-service 
resolution and future service work. 

Midjourney AI-Native Feature-focused Expand imaginative powers. Frames the offering around creative 
capability and imagination. 

Oracle Incumbent Feature-focused AI built for business. Uses broad platform capability 
language around AI for business. 

Snowflake Incumbent Feature-focused Cortex: AI for Data Cloud. Positions AI as a data-cloud capability. 

Databricks Incumbent Feature-focused Data + AI on one platform. Emphasizes unified data and AI 
platform capability. 

Table 4 provides concrete coding examples. The purpose is not to show every artifact in 

the main text, but to make the interpretive logic visible. Condensed firm-level coding 

evidence for the full sample is provided in Appendix C. 

4.3 Trust signal patterns 

Trust signaling was visible across both cohorts, but the emphasis differed. AI-native firms 

often used formal assurance, certifications, private-cloud or data-isolation language, 

safety claims, customer logos, ecosystem backing, and selected performance evidence. 

These signals help compensate for the fact that many AI-native firms do not have the 

same long-standing enterprise presence as incumbents. 

Incumbent firms also used compliance and governance signals, but their credibility was 

often constructed through enterprise scale, installed-base legitimacy, trust centers, 

platform governance, brand history, and customer reach. This suggests that the main 

difference is not whether firms use trust signals, but how they combine them and what 

credibility burden they appear to address. 

Table 5. Trust-signal pattern by cohort 

Trust-signal dimension AI-native pattern Incumbent pattern Interpretation 

Institutional 
Certifications, safety language, 
private cloud, data isolation, 
privacy assurances 

Trust centers, enterprise 
governance architecture, 
compliance maturity, data-
protection frameworks 

Both cohorts use formal 
assurance, but AI-native 
firms often use it to prove 
enterprise readiness. 

Relational 

Named customer logos, 
ecosystem backing, partner 
proof, review-platform 
legitimacy 

Installed-base scale, global 
customer presence, market 
leadership, long-standing 
brand familiarity 

AI-native firms often borrow 
legitimacy from external 
validators; incumbents draw 
on accumulated legitimacy. 

Performance 
Time saved, output quality, 
pipeline impact, benchmark 
improvements, customer case 
results 

Workflow productivity, support 
resolution, efficiency gains, 
adoption proof, operational 
savings 

Performance signals 
translate AI claims into 
observable business impact. 
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Table 6. Selected trust-signal evidence from the dataset 

Firm Cohort Institutional signal Relational signal Performance signal 

Jasper AI-Native SOC2 Type II, GDPR Used by 20% of Fortune 500; 
Trusted by Wayfair 

10,000+ hours saved annually for 
Cushman & Wakefield 

Glean AI-Native SOC2, ISO 27001, ISO 42001 Trusted by Wealthsimple, Okta, 
Grammarly 

Saves Wealthsimple $1M+ 
annually 

Salesforce Incumbent Enterprise Data Shield, 
Trust.salesforce.com 

World's #1 Trusted CRM; Global 
presence 

Agentforce hit $540M ARR in 3 
quarters (adoption proof) 

HubSpot Incumbent Data Privacy Framework, Smart 
CRM architecture 

Trusted by 200k+ customers 
globally 

Resolves 65% of support 
conversations; 39% time 
reduction 

OpenAI AI-Native SOC2 Type II, ISO 27001, PCI 
DSS Used by 80% of Fortune 500 Proven scale at Morgan Stanley, 

Moderna 

Anthropic AI-Native Constitutional AI (Safety focus), 
HIPAA 

Backed by Google, Amazon; Used 
by AWS users 

Lower hallucination rates in 
benchmarks 

Adobe Incumbent Copyright Indemnity, CAI 
attribution 

40 years of creative legacy; Global 
brand 

10x faster asset creation cycles 
reported by brands 

Microsoft Incumbent Enterprise Data Protection, 
Commercial Data Protection 

Used by 95% of Fortune 500; Most 
trusted tech brand 

70% of users report higher 
productivity; 68% better work 
quality 

ServiceNow Incumbent GenAI Controller safety, Domain 
specific models 

Trusted by 85% of Fortune 500; #1 
Workflow engine 

$1M+ saved in IT support costs 
for large corps 

Databricks Incumbent Open-source legacy (MosaicML), 
SOC2 

Unified data/AI vision leader; 
NVIDIA backing 

5x better model performance; 
lower TCO 

 

Tables 5 and 6 answer RQ3. They show that both cohorts use layered trust architectures. 

Institutional, relational, and performance signals are usually combined, but AI-native 

firms emphasize proof of readiness and external validation, while incumbents emphasize 

enterprise continuity and governance maturity. 

4.4 Monetization models and alignment with value 

communication 

The monetization findings show a partial gap between value rhetoric and pricing logic. 

Many firms communicate AI as a source of business outcomes, yet still monetize through 

familiar SaaS models such as seats, subscriptions, usage credits, consumption, or 

enterprise licenses. This does not mean the pricing is inappropriate. It means that the 

public value story is often more outcome-oriented than the commercial mechanism. 

The strongest alignment appears where pricing is connected to use, action, resolution, 

or consumption. Salesforce, HubSpot, and Intercom are especially visible examples 

because their public pricing logic is closer to work performed or outcomes delivered. In 

many other cases, the value message is outcome-focused while the pricing remains 

access- or usage-based. 
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Table 7. Monetization model distribution across cohorts 

Cohort Seat/subscripti
on-based 

Usage/consumpt
ion-based 

Action/outcome-
based 

Enterprise/custom 
license Interpretation 

AI-native 11 7 1 1 

AI-native firms 
commonly combine 
outcome rhetoric with 
subscription or usage 
access. 

Incumbent 9 7 2 2 

Incumbents show 
slightly more 
action/outcome-linked 
examples but still rely 
heavily on traditional 
SaaS logic. 

 

Table 8. Selected examples of messaging-pricing alignment 

Firm Cohort Orientation Monetization model Alignment note 

Jasper AI-Native Outcome-focused Seat-based (Starter/Pro) + Enterprise 
Custom 

High (Selling automation, charging for Pro 
seat access) 

Glean AI-Native Outcome-focused Enterprise custom (Platform fee + per 
user) 

High (Selling search impact, pricing on 
enterprise scale) 

Salesforce Incumbent Outcome-focused Action-based (Flex Credits $0.10/action) 
/ Per Conv 

Very High (Selling "Digital Labor", charging 
per action done) 

HubSpot Incumbent Outcome-focused Outcome-based ($0.50 per resolved 
conv; $1/lead) 

Very High (Selling results, charging only on 
successful resolution) 

OpenAI AI-Native Outcome-focused Enterprise (Custom usage-based / 
Volume discounts) 

High (Selling secure scale, pricing on volume 
of use) 

Anthropic AI-Native Outcome-focused Usage-based (Per 1k tokens) / API 
Credits 

High (Selling safety/scale, charging on 
technical consumption) 

Intercom AI-Native Outcome-focused Per Resolution ($0.99 each) Very High (Selling resolutions, charging 
ONLY on successful resolution) 

Adobe Incumbent Outcome-focused Credit-based + Subscription bundles High (Selling commercial safety, charging on 
generation credits) 

Microsoft Incumbent Outcome-focused $30 per user/mo (Annual Add-on) Medium (Selling companion impact, flat user 
tax pricing) 

ServiceNow Incumbent Outcome-focused Pro Plus Tier bundling (Enterprise 
license) 

Medium (Selling efficiency, price on 
enterprise license scale) 

4.5 Cross-cohort synthesis 

The cross-cohort comparison shows stronger convergence in value rhetoric than in trust 

construction. Both AI-native and incumbent firms most commonly communicate AI 

through outcomes. This suggests that outcome language has become a common way of 

making enterprise AI commercially meaningful. However, the supporting evidence differs 

because the two cohorts start from different credibility positions. 

AI-native firms carry an enterprise-readiness burden. They must show that a newer or 

AI-centered provider is secure, governable, scalable, and credible enough for enterprise 

use. Incumbents carry a different burden: they must show that their AI is innovative and 

value-creating rather than only an incremental feature inside an existing suite. 



22 

Monetization alignment adds a third pattern. In both cohorts, outcome messaging is more 

mature than outcome-linked commercial design. 

Table 9. Cross-cohort synthesis of main findings 

Analytical dimension AI-native pattern Incumbent pattern Interpretation 

Value proposition 

AI is presented as the core 
source of productivity, 
automation, search, 
generation, or domain-specific 
work improvement. 

AI is presented as an 
extension of established 
platforms and enterprise 
workflows. 

Both cohorts make AI 
commercially meaningful through 
customer value claims. 

Message orientation 18 of 20 firms are outcome-
focused. 

17 of 20 firms are outcome-
focused. 

Outcome-focused rhetoric is the 
most common pattern within the 
sample. 

Trust construction 
Formal assurance and 
external validation are 
especially visible. 

Installed-base legitimacy and 
governance maturity are 
especially visible. 

The cohorts differ more in 
credibility construction than in 
value rhetoric. 

Monetization Subscription and usage 
models remain common. 

Subscription, usage, and 
selective action-based models 
appear. 

Pricing logic often lags behind 
outcome-oriented messaging. 

Overall interpretation 
AI-native firms need to convert 
AI novelty into enterprise 
credibility. 

Incumbents need to convert 
enterprise credibility into AI-
specific value and innovation 
credibility. 

The market is converging around 
value language, but not around a 
single trust or monetization 
model. 
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5. DISCUSSION 

This chapter discusses the findings by answering the three research questions and 

connecting the answers to prior literature. The emphasis is on what the results mean for 

understanding public enterprise AI communication, not only on repeating the descriptive 

patterns from Chapter 4. 

5.1 RQ1: Value proposition communication 

The answer to RQ1 is that both AI-native and incumbent firms communicate AI value 

mainly through expected business outcomes, but they embed these outcomes in 

different firm narratives. AI-native firms tend to present AI as the core engine of the 

offering. Incumbents tend to present AI as an enhancement to existing enterprise 

platforms, workflows or customer relationships. The result suggests that the two cohorts 

speak a similar value language, even though they draw on different organizational 

identities. 

This finding is consistent with customer value proposition literature. Anderson, Narus and 

van Rossum (2006) argue that persuasive B2B value propositions should focus on 

benefits that matter to the customer rather than on generic claims, while Payne, Frow 

and Eggert (2017) emphasize that value propositions connect a firm's intended value 

with the customer's use context. The sample shows this logic in public AI communication: 

vendors link AI to productivity, service improvement, speed, revenue and operational 

efficiency. The finding also extends value-based selling literature by showing how value-

based logic appears in public market-facing artifacts, not only in sales conversations or 

organizational capabilities (Terho et al., 2012; Töytäri and Rajala, 2015; Keränen et al., 

2023; Liu, Zhao and Wang, 2023). 

At the same time, the finding should be interpreted carefully. Outcome language does 

not automatically mean that a firm has mature value-based selling capability. A vendor 

may use outcome language because it has become the expected language of enterprise 

AI marketing. This is where AI differs from many traditional software settings: the 

promised value often depends on data quality, model behavior, explainability and the 

customer's ability to integrate AI into work processes (Mikalef, Conboy and Krogstie, 

2021; Moradi and Dass, 2022). The public artifact shows how value is promised; it does 

not prove that value is quantified, validated or realized with customers. 
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The extension is important because public artifacts operate before the adaptive sales 

interaction begins. Salespeople can adjust customer value propositions to different 

buying-center actors, but a website or public AI page must communicate to a broader 

audience with less contextual feedback (Bischoff et al., 2023). The public value 

proposition therefore becomes a general translation device: it turns a technically complex 

AI capability into a business-language promise that can travel across marketing, sales 

enablement and early buyer evaluation. 

5.2 RQ2: Message orientation in enterprise AI communication 

The answer to RQ2 is that outcome-focused communication is the most common 

message orientation within both cohorts. This finding is strong within the sample: 35 of 

the 40 firms were coded as outcome focused. The difference between cohorts is small, 

with 18 AI-native firms and 17 incumbent firms coded as outcome-focused. 

The results support the importance of value-based selling and customer value 

propositions, but they also show the limits of simply counting outcome language. 

Enterprise AI is typically positioned in relation to how it can improve work, reduce time 

spent on tasks, speed up workflows or produce measurable business impact. This aligns 

with VBS research, which argues that B2B firms should connect offerings to customer-

perceived value rather than rely only on features and functions (Terho et al., 2012; 

Töytäri and Rajala, 2015). Recent work on emerging technology value propositions 

similarly shows that value framing can be used to reduce uncertainty and guide how 

customers make sense of new technologies (Nussipova, 2022). 

However, the result also points to a possible tension. If nearly all vendors use outcome 

language, outcome-focused messaging may become a market convention. It can signal 

customer orientation, but it can also become generic if not supported by credible 

evidence. The AI setting makes this issue sharper because buyers may not be able to 

judge whether a stated outcome follows from the vendor's model, the customer's data, 

the implementation process or the customer's own capabilities. The feature-focused 

cases show that capability-led communication still has a role, especially for 

infrastructure, data or creative tools where the capability itself is part of the value 

proposition. 

This means that outcome orientation should not be interpreted as a quality marker by 

itself. If productivity, efficiency and revenue impact become the standard language of 

enterprise AI, differentiation moves from the promise to the evidence behind the promise. 

The stronger question is not only whether a vendor claims customer value, but whether 
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the vendor links that claim to credible proof, governance, use cases and pricing logic. 

This is where message orientation and trust signaling become interdependent rather 

than separate findings. 

5.3 RQ3: Trust signals and enterprise adoption risk 

In relation to RQ3, both cohorts use Institutional, Relational and Performance-based trust 

signals to alleviate concerns around enterprise level adoption of the technology. 

Institutional signals provide assurance around how an organization governs itself. 

Relational signals demonstrate that other credible organizations have chosen to use or 

support the same vendor. Performance signals demonstrate that the service offering has 

produced some form of measurable outcome. In our study, we did not view these signals 

as "proof" that the AI will work in practice; rather, these signals were viewed as public 

indicators through which vendors attempt to create a sense of certainty for buyers 

regarding the risks associated with acquiring an uncertain technology. 

Our finding supports Signaling Theory. Buyers of enterprise AI experience informational 

asymmetry because they cannot directly observe the quality of the AI system prior to its 

acquisition, nor can they assess the degree of governance maturity in an organization 

prior to its purchase. Therefore, vendors utilize observable cues to increase the 

believability of their claims. Our findings also correspond with recent B2B signaling 

studies demonstrating that a supplier's credible and consistent communication can 

influence a buyer's perceptions of trust (Sombultawee et al., 2025) and with AI Trust 

Studies indicating that trust in an AI system is influenced by the perceived reliability of 

the AI System, the entity providing the AI System, and the specific application 

environment (Glikson & Woolley, 2020; Kaplan et al., 2023). 

We observed that the primary differences across cohorts concern the burden of proof. 

As new entrants into enterprise software markets i.e. AI-Native Firms, they must 

establish their enterprise legitimacy, and consequently they frequently emphasize formal 

assurance, safety and security, third party validation, and customer success stories in 

their public communications. Conversely, incumbent firms can rely upon their existing 

relationships and governance structures within enterprises, and thus tend to leverage 

scale, platform maturity and continuity when communicating trust. This indicates that 

enterprise type influences the design of credibility more than it does the fundamental 

language used to convey value. 
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5.4 Integrated interpretation across the research questions 

Taken together, the findings suggest that enterprise AI communication has converged 

around outcome-oriented value rhetoric, but not around a single way of constructing 

trust. Both AI-native and incumbent firms appear to understand that enterprise buyers 

need to hear how AI improves work or business results. The difference lies in how each 

cohort makes that promise believable. 

The integrated contribution is therefore the link between value language and credibility 

architecture. Value claims explain what the vendor says AI will improve. Trust signals 

explain why the buyer might believe the vendor. Monetization alignment then shows 

whether the pricing logic supports the value story. Analysed together, these dimensions 

show a pattern that would be less visible if each research question were considered 

separately: enterprise AI communication converges in rhetoric, diverges in proof, and 

remains only partly aligned with pricing. 

This also clarifies what AI adds to the setting compared with traditional software. 

Traditional SaaS vendors also communicate outcomes and trust, so the pattern is not 

completely unique to AI. What AI adds is a stronger uncertainty layer. Buyers must 

evaluate systems whose outputs may be probabilistic, data-dependent, adaptive and 

difficult to explain before use. This makes trust signals more central to the value 

proposition itself, not merely to the vendor's general reputation (Glikson and Woolley, 

2020; Mikalef, Conboy and Krogstie, 2021; Kaplan et al., 2023). 

The research results indicate a dual credibility burden. To be viewed as enterprise ready, 

AI-native companies have an obligation to demonstrate the same level of trustworthiness 

as incumbent technology providers. Conversely, for incumbent technology providers 

there exists an additional burden of proof. Not only do they have to establish that their AI 

capabilities are more than just another version of their familiar software products (with a 

new name) - but rather that it represents an innovative development. It is this distinction 

that will likely represent the biggest differences between these two groups. 

For this reason, the thesis should not be read as claiming that one cohort communicates 

better than the other. The stronger interpretation is that the two cohorts face different 

communication problems. AI-native firms need to reduce adoption risk around 

organizational maturity, while incumbents need to reduce skepticism that their AI claims 

are incremental or generic. This explains why the same outcome-focused message 

orientation can coexist with different trust-signal strategies. 
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6. CONCLUSION 

6.1 Summary of the study and main conclusions 

This thesis examined how AI-native and incumbent B2B SaaS firms communicate AI 

value and trustworthiness through public market-facing materials. The study used a 

qualitative document-based comparative design and analysed a purposive sample of 40 

firms, divided evenly between AI-native and incumbent cohorts. The empirical material 

consisted of AI pages, product pages, pricing pages, trust and security pages, customer 

testimonials and other comparable public documents. 

The first conclusion is that outcome-focused value communication is the most common 

pattern within the sample. Both AI-native and incumbent firms tend to communicate 

enterprise AI through the language of productivity, efficiency, speed, service 

improvement, revenue impact and operational value. This supports the relevance of 

customer value proposition and value-based selling literature for understanding public AI 

communication (Anderson, Narus and van Rossum, 2006; Terho et al., 2012; Payne, 

Frow and Eggert, 2017; Bischoff et al., 2023). 

The second conclusion is that trust construction differs more than value rhetoric. AI-

native firms often use formal assurance and external validation to establish enterprise 

readiness. Incumbents often use platform maturity, installed base, governance 

structures, and brand continuity to support their AI claims. This finding connects signaling 

theory with recent B2B trust research by showing how observable cues can reduce 

perceived uncertainty when solution quality cannot be fully assessed before adoption 

(Connelly et al., 2011; Sombultawee et al., 2025). 

The third finding is that AI communications can help establish the same levels of 

credibility for organizations as it does for products. This is important because AI differs 

significantly from other categories of software which have been traditionally developed 

and sold by providing deterministic results, being completely dependent on the quality of 

their input data, having little need for explanations of how they arrive at those results and 

requiring vendors to develop policies or guidelines for using AI applications within an 

organization (Glikson and Woolley, 2020; Mikalef, Conboy and Krogstie, 2021; Kaplan 

et al., 2023). 

The fourth conclusion is that monetization alignment remains partial. Vendors often 

communicate AI as a source of business outcomes while monetizing it through traditional 
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SaaS models. Outcome-linked pricing exists in the sample, but it is not the dominant 

commercial pattern. This does not make the communication invalid, but it shows that AI 

value rhetoric can move faster than pricing and value-capture practices (Laatikainen and 

Ojala, 2023). 

6.2 Theoretical contribution 

The thesis contributes to value-based selling and customer value proposition literature 

by showing how value-based logic appears in public AI communication. Prior research 

has often focused on sales processes, sales capabilities or supplier-customer interaction 

(Terho et al., 2012; Töytäri and Rajala, 2015; Keränen et al., 2023; Liu, Zhao and Wang, 

2023). This study shows that similar value logic is visible in public artifacts that shape 

buyer expectations before direct sales engagement. 

The thesis also contributes to signaling theory in B2B technology markets. It shows that 

enterprise AI trust signals can be usefully analysed as institutional, relational and 

performance-based signals. These categories help explain how vendors make AI claims 

credible when buyers face uncertainty about safety, reliability, governance and business 

impact. The finding links general signaling theory (Connelly et al., 2011) with recent 

research on B2B trust communication and AI trust (Glikson and Woolley, 2020; Kaplan 

et al., 2023; Sombultawee et al., 2025). 

Finally, this thesis contributes to a deeper understanding of the differences between 

incumbent firms and AI-native firms. The data revealed clear divergence in terms of how 

credible or believable vendors are with respect to their claims. Whether or not vendors 

claim to be able to deliver value through AI does appear to depend on firm type, however 

how well vendors can provide support for those claims appears to be more dependent 

on firm type than where the firm resides. Therefore, this adds additional context to 

relatively new research in B2B AI literature which has demonstrated that while some 

degree of uncertainty exists around the decision to adopt AI technology, most of it may 

be based upon an assessment of the maturity, legitimacy and governance capability of 

the vendor (Mikalef, Conboy and Krogstie, 2021; Keegan, Canhoto and Yen, 2022; 

Gaczek, Leszczyński and Mouakher, 2023). 

6.3 Managerial implications 

For managers in AI-native firms, the findings suggest that outcome claims need to be 

paired with enterprise-readiness signals. Newer AI-centered vendors should not rely only 
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on product excitement or productivity language. They need visible assurance, 

governance, customer evidence and credible performance proof. This is consistent with 

AI trust research showing that reliability, transparency and contextual confidence 

influence trust in AI systems, and with customer value proposition literature that 

emphasizes the need to make value specific and credible for the customer's context 

(Payne, Frow and Eggert, 2017; Glikson and Woolley, 2020; Kaplan et al., 2023). 

Managers within the incumbent firm may find these results useful for establishing a 

certain level of trust but this alone will be insufficient. Managers in incumbent firms have 

the advantage of drawing from the maturity of their enterprises as well as demonstrating 

that their AI capabilities provide value to customers in some manner while avoiding the 

perception that their AI is merely an extension of existing software platforms. The 

literature has shown that AI adoption by organizations is influenced by organizational 

capabilities, data, and human-AI collaboration; therefore, incumbents should 

demonstrate how their AI alters the work that customers do versus attaching only AI 

labels to current platforms (Mikalef, Conboy and Krogstie, 2021; Gaczek, Leszczyński 

and Mouakher, 2023). 

For B2B SaaS managers more broadly, the findings show the importance of alignment 

between message, evidence and commercial logic. If a vendor sells AI as an outcome-

producing system but prices it only as general access, buyers may find the value story 

less concrete. Stronger communication links outcome claims, proof and pricing logic. 

This does not mean every AI product should use outcome-based pricing, but it does 

mean that pricing, usage metrics and proof points should not contradict the value story 

that marketing communication creates (Payne, Frow and Eggert, 2017; Keränen et al., 

2023; Laatikainen and Ojala, 2023; Nussipova, 2022). 

6.4 Research quality, credibility, and limitations 

The credibility of this research is strengthened through its openness as it presents a clear 

coding framework along with documented decision-making processes for coding and 

rationale behind each code choice in addition to providing links to all sources used in the 

analysis and an appendix which provides evidence for the data supporting the 

researcher's findings. The use of multiple public documents for each company in the 

sample decreases the dependency upon single phrases. These steps follow 

documentary analysis and qualitative content analysis principles that emphasize 

transparency, systematic coding and interpretive traceability (Atkinson and Coffey, 2004; 

Bowen, 2009; Schreier, 2012; Krippendorff, 2019). 
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The study has limitations. First, it analyses public market-facing artifacts only. It does not 

examine private sales materials, internal strategy, procurement conversations, or buyer 

interpretations. Second, the sample is purposive and not statistically representative of 

the whole B2B SaaS or enterprise AI market. Third, the study uses single-researcher 

coding, which requires interpretive judgement. Fourth, websites change over time, so the 

findings represent a cross-sectional snapshot of communication during the data 

collection period. These limitations are typical of qualitative document-based research, 

where the strength lies in transparent interpretation rather than statistical generalization 

(Patton, 2015; Bowen, 2009). 

These limitations do not invalidate the design, but they define the scope of the claims. 

The thesis can explain how the selected firms publicly communicated AI value and 

trustworthiness during the collection period. It cannot claim how all enterprise AI vendors 

communicate, how buyers interpret the messages, or whether vendor claims are realized 

after implementation. 

6.5 Future research 

Future research should build on this by examining enterprise AI communication through 

the lens of the buyer. Interviews with procurement officers, IT managers, business 

customers or customer success teams could demonstrate how specific value 

propositions and trust signals affect real-world purchasing decisions. 

Second, to evaluate if public messaging based on outcomes has a basis for additional 

value in sales communications, researchers could look at both what companies make 

available publicly versus privately in terms of evidence for value i.e., proof-of-value 

documentation, sales presentations/decks, procurement responses, customer success 

information. 

Third, future research may want to consider using longitudinal study designs as 

enterprise AI markets are continually changing. A longitudinal study could examine 

whether vendors move from general outcome-focused messaging toward stronger 

performance validation, governance assurance, and pricing models that are more 

directly linked to realized outcomes over time. 
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APPENDIX A. FULL SAMPLE OVERVIEW 

Table A1 presents the full set of firms included in the analysis. 

Table A1. Full sample overview 

Company Cohort Category Orientation Monetization model 

Jasper AI-Native Marketing & Content AI Outcome-focused Seat-based (Starter/Pro) + Enterprise Custom 

Glean AI-Native Enterprise Search & 
Knowledge Mgmt Outcome-focused Enterprise custom (Platform fee + per user) 

Salesforce Incumbent CRM & Sales Outcome-focused Action-based (Flex Credits $0.10/action) / Per 
Conv 

HubSpot Incumbent Marketing & CRM Outcome-focused Outcome-based ($0.50 per resolved conv; 
$1/lead) 

OpenAI AI-Native GenAI Infrastructure & 
Platform Outcome-focused Enterprise (Custom usage-based / Volume 

discounts) 

Anthropic AI-Native GenAI Infrastructure & 
Platform Outcome-focused Usage-based (Per 1k tokens) / API Credits 

Copy.ai AI-Native Marketing & Content AI Outcome-focused Tiered seat plans + Usage Credits 

Writer AI-Native Enterprise Content AI Outcome-focused Seat-based (Starter) / Enterprise Custom 

Gong AI-Native Sales Intelligence Outcome-focused Per User license + Platform fee 

Harvey AI-Native Legal AI Outcome-focused Custom Enterprise (License fee + usage) 

Ironclad AI-Native Contract Lifecycle 
Management Outcome-focused Custom Enterprise quote 

Pinecone AI-Native Vector Database (AI Infra) Feature-focused Consumption-based (Hourly/Storage) 

Typeform AI-Native Forms & Conversational UI Outcome-focused Tiered SaaS (Basic to Business) 

Descript AI-Native Video & Audio Editing Outcome-focused Seat-based (Creator/Business) 

Perplexity AI-Native Search & Information AI Outcome-focused Pro Subscription ($20/mo) 

Notion AI-Native Productivity & Knowledge 
Mgmt Outcome-focused Add-on per user ($8-$10/mo) 

Intercom AI-Native Customer Support & 
Engagement Outcome-focused Per Resolution ($0.99 each) 

Apollo.ai AI-Native Sales Intelligence & B2B 
Data Outcome-focused Seat-based + Credit system 

Loom AI-Native Video Messaging Outcome-focused Seat-based (Business/Enterprise) 
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Company Cohort Category Orientation Monetization model 

6sense AI-Native ABM & Revenue AI Outcome-focused Enterprise custom quote (Platform + Credits) 

Highspot AI-Native Sales Enablement Outcome-focused Custom seat-based Enterprise 

Midjourney AI-Native AI Image Generation Feature-focused Tiered Subscription (Basic to Mega) 

Adobe Incumbent Creative & Marketing 
Software Outcome-focused Credit-based + Subscription bundles 

Microsoft Incumbent Cloud, OS, & Productivity Outcome-focused $30 per user/mo (Annual Add-on) 

SAP Incumbent ERP & Business Process Outcome-focused Usage-based AI units + Premium tiers 

Oracle Incumbent Cloud & ERP Feature-focused Consumption-based (Cloud credits/usage) 

Zendesk Incumbent Customer Service Outcome-focused Add-on per agent + High-tier bundling 

ServiceNow Incumbent ITSM & Enterprise 
Workflows Outcome-focused Pro Plus Tier bundling (Enterprise license) 

Workday Incumbent HR & Finance (ERP) Outcome-focused Enterprise SaaS license (Custom) 

Atlassian Incumbent Dev & Collaboration 
Software Outcome-focused Tiered Premium/Enterprise seats 

Zoom Incumbent Video Communication Outcome-focused Included in Pro/Business tiers ($0 extra fee) 

Box Incumbent Cloud Content 
Management Outcome-focused AI Credits (Usage-based add-on) 

Monday.com Incumbent Work OS & Project 
Management Outcome-focused Tiered SaaS seats 

Cisco Incumbent Networking & Security Outcome-focused Subscription/License bundles + Usage 

Mailchimp Incumbent Email Marketing Outcome-focused Tiered SaaS (Standard/Premium) 

DocuSign Incumbent E-signature & Agreement 
Cloud Outcome-focused Enterprise IAM platform fee 

Genesys Incumbent Contact Center (CCaaS) Outcome-focused $75-$240/user/mo tiered cloud plans 

PagerDuty Incumbent Digital Operations 
Management Outcome-focused Per User / Business tier add-on 

Snowflake Incumbent Data Cloud Feature-focused Consumption-based (Credits/Compute) 

Databricks Incumbent Data Intelligence Platform Feature-focused Usage-based ($0.07 - $0.40 / DBU) 
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APPENDIX B. CODING FRAMEWORK AND DECISION RULES 

Table B1 provides the expanded coding definitions used to interpret the public artifacts. 

Table B1. Coding framework and decision rules 

Code / field Definition Include when Exclude when 

Outcome-focused 
message orientation 

Dominant communication emphasizes 
customer or business consequences. 

Claims stress outcomes, 
results, ROI, speed, 

productivity, risk 
reduction, or service 
improvement. 

The communication mainly lists AI 
capabilities without clear customer 

consequences. 

Feature-focused 
message orientation 

Dominant communication emphasizes 
what the AI capability is or does 
technically. 

Claims foreground 
models, agents, data 
platforms, automation 
mechanics, generation, 
search, or orchestration. 

The feature is clearly translated into a 
primary business outcome claim. 

Hybrid message 
orientation 

Feature and outcome logics are both 
prominent and neither is clearly 
stronger. 

The communication gives 
comparable weight to 
capability and customer 

outcome. 

One logic is clearly dominant across 
the public artifacts. 

Institutional trust signal Formal legitimacy cue indicating 
control, governance, compliance, or 

security maturity. 

Certifications, standards, 
trust centers, data-

protection language, 
governance claims, 
privacy controls. 

Customer logos, adoption counts, or 
performance proof unless framed as 

formal assurance. 

Relational trust signal Cue showing that credible external 
actors already trust or use the vendor. 

Customer logos, partner 
references, trusted-by 
claims, adoption scale, 
ecosystem affiliations. 

Formal certifications or quantified 
outcomes. 

Performance trust 
signal 

Cue showing delivered or expected 
business impact. 

Quantified results, 
benchmarks, case-study 
outcomes, efficiency 
gains, revenue or cost 

effects. 

Generic benefit statements without 
evidence or quantification. 

Monetization alignment Interpretive assessment of how pricing 
logic supports the value rhetoric. 

Coded as very high, high, medium or 
low depending on the visible link 
between price and claimed value. 

Pricing is visible enough 
to compare with the value 

claim; action-, usage-, 
scale- or outcome-linked 
pricing supports stronger 
alignment. 

Pricing information is unavailable, too 
vague, or disconnected from the 

value logic presented in public 
communication. 
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APPENDIX C. CONDENSED FIRM-LEVEL CODING EVIDENCE 

Table C1 provides condensed firm-level coding evidence for the 40 firms in the sample. It does not reproduce every collected artifact; rather, it documents 

the key quotation, coding rationale, trust-signal evidence, and monetization interpretation used to support the analysis. 

Table C1. Condensed firm-level coding evidence from the dataset 

Company Cohort Value proposition quote Orientation rationale Institutional / relational / performance signals Monetization 

Jasper AI-Native Put AI agents to work for marketing. Jasper 
automates how content is made. 

Outcome-based: frames AI agents as automation for 
marketing work rather than only as a writing feature. 

Inst: SOC2 Type II, GDPR | Rel: Used by 20% of Fortune 500; Trusted by Wayfair | 
Perf: 10,000+ hours saved annually for Cushman & Wakefield 

Seat-based (Starter/Pro) + 
Enterprise Custom 

Glean AI-Native Search once across every system. Bring clarity and 
impact. 

Outcome-based: connects enterprise search to clarity and 
impact across knowledge work. 

Inst: SOC2, ISO 27001, ISO 42001 | Rel: Trusted by Wealthsimple, Okta, Grammarly | 
Perf: Saves Wealthsimple $1M+ annually 

Enterprise custom (Platform fee 
+ per user) 

Salesforce Incumbent Scale AI-powered digital labor across your business. Outcome-based: presents AI as scalable digital labor 
across business processes. 

Inst: Enterprise Data Shield, Trust.salesforce.com | Rel: World's #1 Trusted CRM; 
Global presence | Perf: Agentforce hit $540M ARR in 3 quarters (adoption proof) 

Action-based (Flex Credits 
$0.10/action) / Per Conv 

HubSpot Incumbent Breeze: The AI that powers the entire customer 
platform. 

Outcome-based: links the AI assistant to customer-
platform workflows and service outcomes. 

Inst: Data Privacy Framework, Smart CRM architecture | Rel: Trusted by 200k+ 
customers globally | Perf: Resolves 65% of support conversations; 39% time reduction 

Outcome-based ($0.50 per 
resolved conv; $1/lead) 

OpenAI AI-Native Scale AI securely across your organization. Outcome-based: emphasizes secure organizational 
scaling rather than a single model capability. 

Inst: SOC2 Type II, ISO 27001, PCI DSS | Rel: Used by 80% of Fortune 500 | Perf: 
Proven scale at Morgan Stanley, Moderna 

Enterprise (Custom usage-
based / Volume discounts) 

Anthropic AI-Native Trusted, scalable AI for your enterprise. Outcome-based: combines trust and scalability as 
enterprise adoption outcomes. 

Inst: Constitutional AI (Safety focus), HIPAA | Rel: Backed by Google, Amazon; Used by 
AWS users | Perf: Lower hallucination rates in benchmarks 

Usage-based (Per 1k tokens) / 
API Credits 

Copy.ai AI-Native Generate marketing that converts. Outcome-based: links AI-generated marketing content to 
conversion-oriented commercial results. 

Inst: SOC2 compliance | Rel: Trusted by 17M users and teams at leading brands | Perf: 
10x faster content production cycles 

Tiered seat plans + Usage 
Credits 

Writer AI-Native Full-stack generative AI for enterprise. Outcome-based: positions full-stack generative AI as 
enterprise content and workflow support. 

Inst: HIPAA, SOC2, PCI-DSS, Private Cloud option | Rel: Used by L'Oreal, Intuit, 
Accenture | Perf: 50% reduction in edit time; 2x content output 

Seat-based (Starter) / Enterprise 
Custom 

Gong AI-Native Unlock reality to drive revenue. Outcome-based: frames AI around revenue visibility and 
sales performance improvement. 

Inst: SOC2 Type II, ISO 27001 | Rel: Trusted by 5,000+ customers; G2 Leader | Perf: 
10% increase in win rates; 3x pipeline visibility Per User license + Platform fee 

Harvey AI-Native The future of professional services. Outcome-based: presents AI as support for professional-
services productivity and legal work quality. 

Inst: Private cloud infrastructure, Data isolation | Rel: Partnered with PwC, Allen & Overy 
| Perf: High precision in legal research vs paralegals 

Custom Enterprise (License fee 
+ usage) 

Ironclad AI-Native Contracting for the enterprise. Outcome-based: connects AI-enabled contracting to 
enterprise process improvement. 

Inst: SOC2, Privacy Shield | Rel: Trusted by L'Oreal, Reddit, Mastercard | Perf: 80% 
faster contract cycles Custom Enterprise quote 

Pinecone AI-Native Search and personalize with AI. Feature-based: emphasizes search and personalization 
capability rather than a named business outcome. 

Inst: Managed SOC2 Type II | Rel: Used by Shopify, Gong, Zapier | Perf: Millions of 
real-time queries handled at low latency 

Consumption-based 
(Hourly/Storage) 

Typeform AI-Native Forms worth filling in. Outcome-based: frames forms around completion and 
response quality rather than form-building features. 

Inst: GDPR, SOC2 | Rel: Logos: Nike, Uber, Airbnb | Perf: 3x higher response rates vs 
traditional forms Tiered SaaS (Basic to Business) 

Descript AI-Native New way to make video/podcasts. Outcome-based: presents AI editing as a new production 
workflow for media creation. 

Inst: SOC2 Type II compliant | Rel: Endorsed by top creators and media houses | Perf: 
Cuts editing time by 50% (Underlord features) Seat-based (Creator/Business) 

Perplexity AI-Native Where knowledge begins. Outcome-based: frames the product around knowledge 
discovery and answer-seeking. 

Inst: Citation-first accuracy logic | Rel: Backed by Bezos, NVIDIA | Perf: 2x faster 
answer discovery than search Pro Subscription ($20/mo) 
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Notion AI-Native Write faster. Think bigger. Outcome-based: links AI writing and thinking support to 
faster knowledge work. 

Inst: SOC2, SAML/SSO | Rel: Trusted by Figma, Pixar, Uber | Perf: 30% increase in 
team speed/docs creation Add-on per user ($8-$10/mo) 

Intercom AI-Native Future of customer service. Outcome-based: connects AI customer service to 
resolution and support productivity. 

Inst: Fin AI certifications, SOC2 | Rel: Used by 25,000+ companies; Synthesia story | 
Perf: Resolves 50% of support issues; 67% reported resolution rate Per Resolution ($0.99 each) 

Apollo.ai AI-Native Reach your addressable market. Outcome-based: frames AI and data around sales reach 
and meeting generation. 

Inst: ISO 27001, Data accuracy guarantees | Rel: Trusted by 1M users; 500k+ 
companies | Perf: 3x more booked meetings for sales teams Seat-based + Credit system 

Loom AI-Native Show it, say it, send it. Outcome-based: positions asynchronous video as a way 
to communicate work faster. 

Inst: SOC2, Enterprise SSO/SCIM | Rel: Used by 21M+ people at 350k companies | 
Perf: Saves 29 hours/mo per team through async comms 

Seat-based 
(Business/Enterprise) 

6sense AI-Native The power to predict revenue. Outcome-based: links predictive AI to revenue generation 
and pipeline decisions. 

Inst: AI Accuracy Transparency, SOC2 | Rel: Forrester/Gartner Leader; Trusted by Dell, 
Cisco | Perf: 2x deal size increase; 40% reduction in churn 

Enterprise custom quote 
(Platform + Credits) 

Highspot AI-Native Drive business results. Outcome-based: explicitly frames the offering around 
business results and sales enablement. 

Inst: ISO 27001, SOC2 Type II | Rel: Trusted by Twitter, Yahoo, SAP | Perf: 19% 
increase in quota attainment; 10% more win rate Custom seat-based Enterprise 

Midjourney AI-Native Expand imaginative powers. Feature-based: emphasizes creative generation capability 
and speed rather than enterprise business outcomes. 

Inst: Discord community moderation | Rel: Millions of Discord users; viral success | Perf: 
High-fidelity creative outputs in seconds 

Tiered Subscription (Basic to 
Mega) 

Adobe Incumbent Firefly: Commercially safe AI. Outcome-based: links commercially safe AI to usable 
creative production in enterprise settings. 

Inst: Copyright Indemnity, CAI attribution | Rel: 40 years of creative legacy; Global brand 
| Perf: 10x faster asset creation cycles reported by brands 

Credit-based + Subscription 
bundles 

Microsoft Incumbent Your everyday AI companion. Outcome-based: frames Copilot as everyday productivity 
support for work. 

Inst: Enterprise Data Protection, Commercial Data Protection | Rel: Used by 95% of 
Fortune 500; Most trusted tech brand | Perf: 70% of users report higher productivity; 
68% better work quality 

$30 per user/mo (Annual Add-
on) 

SAP Incumbent Joule: The AI that knows business. Outcome-based: connects AI to business knowledge 
embedded in enterprise processes. 

Inst: ERP Heritage, Global compliance, SAP Trust Center | Rel: 50 years of enterprise 
data; 99 of 100 biggest companies | Perf: 20% faster procurement; 15% reduction in 
manual data entry 

Usage-based AI units + 
Premium tiers 

Oracle Incumbent AI built for business. Feature-based: emphasizes AI capability and 
infrastructure built for business use. 

Inst: OCI integrated security, Oracle Data Guard | Rel: Trusted by 430,000+ customers; 
High performance infra | Perf: 40% reduction in query time; Significant perf gains on-
metal 

Consumption-based (Cloud 
credits/usage) 

Zendesk Incumbent AI-first customer service. Outcome-based: connects AI-first service to customer 
support productivity. 

Inst: 15+ years of Support data history, ISO/SOC | Rel: Used by 100k+ accounts; CX 
market leader | Perf: 30% reduction in ticket volume; 2x faster CX resolution 

Add-on per agent + High-tier 
bundling 

ServiceNow Incumbent The world works with ServiceNow. Outcome-based: frames AI through workflow 
transformation and operational savings. 

Inst: GenAI Controller safety, Domain specific models | Rel: Trusted by 85% of Fortune 
500; #1 Workflow engine | Perf: $1M+ saved in IT support costs for large corps 

Pro Plus Tier bundling 
(Enterprise license) 

Workday Incumbent Human-centric AI. Outcome-based: links AI to human-centered HR and 
finance process outcomes. 

Inst: Responsible AI Ethics Board, ML Trust Framework | Rel: Trusted by 10,000+ 
organizations globally | Perf: 50% faster job posting creation; Better talent matching 

Enterprise SaaS license 
(Custom) 

Atlassian Incumbent Rovo: Knowledge at your fingertips. Outcome-based: frames Rovo around knowledge access 
and work productivity. 

Inst: Atlassian Cloud Trust Center, SOC2 | Rel: 5M+ Rovo MAU; Trusted by 250k+ 
customers | Perf: 1 hour saved per dev/day; 20% search relevance improvement 

Tiered Premium/Enterprise 
seats 

Zoom Incumbent AI Companion: Get more done. Outcome-based: presents AI Companion as support for 
getting more work done. 

Inst: 0% data training on calls (Privacy guarantee) | Rel: Household name; millions of 
concurrent users | Perf: 100% summary accuracy for meetings; significant time savings 

Included in Pro/Business tiers 
($0 extra fee) 

Box Incumbent Box AI: Unlock content value. Outcome-based: links AI to unlocking value from 
enterprise content. 

Inst: GxP, FINRA, HIPAA compliance | Rel: Used by 67% of Fortune 500; Box Shield | 
Perf: 80% faster document analysis 

AI Credits (Usage-based add-
on) 

Monday.com Incumbent Work without limits with AI. Outcome-based: frames AI as removing work limits and 
improving project execution. 

Inst: SOC2, HIPAA, GDPR | Rel: 180k+ customers; G2 Crowd top rated | Perf: 3 hours 
saved per project/wk; Higher conversion rates Tiered SaaS seats 

Cisco Incumbent AI-powered security. Outcome-based: connects AI security to faster detection 
and operational resilience. 

Inst: Global threat intelligence (Talos), FedRAMP | Rel: The backbone of the Internet; 
Global hardware leader | Perf: 50% faster threat detection; Instant outage source 
detection 

Subscription/License bundles + 
Usage 
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Mailchimp Incumbent Turn emails into revenue. Outcome-based: links AI email tools to revenue and 
campaign performance. 

Inst: Intuit Data Science engine, Data ethics | Rel: Part of Intuit (legacy brand); millions 
of SMB users | Perf: 2x higher click rates through AI personalization 

Tiered SaaS 
(Standard/Premium) 

DocuSign Incumbent Agree better with IAM. Outcome-based: frames agreement AI around better and 
faster agreement work. 

Inst: Secure agreement legacy, ISO 27001 | Rel: Used by 1B+ people; Global e-sig 
standard | Perf: 25% faster review time; Minimize financial risk Enterprise IAM platform fee 

Genesys Incumbent Personalized CX at scale. Outcome-based: connects AI personalization to scalable 
customer experience. 

Inst: 25+ years of CX data; local data residency | Rel: Forrester Leader; Trusted by 
global enterprises | Perf: 15% increase in CSAT; 50% fewer manual routing steps 

$75-$240/user/mo tiered cloud 
plans 

PagerDuty Incumbent Operations Cloud AI. Outcome-based: frames operations AI around reliability 
and incident-response improvement. 

Inst: Service Reliability experts, SOC2 | Rel: Used by 15,000+ customers; 2/3 of Fortune 
100 | Perf: 40% reduction in noise; Significant MTTR reduction Per User / Business tier add-on 

Snowflake Incumbent Cortex: AI for Data Cloud. Feature-based: emphasizes Cortex and the Data Cloud 
as AI infrastructure capabilities. 

Inst: Governed, secure data access; SOC2 | Rel: World's #1 Data Cloud; Cloud data 
giant | Perf: Seconds to build AI apps on governed data 

Consumption-based 
(Credits/Compute) 

Databricks Incumbent Data + AI on one platform. Feature-based: presents a unified data and AI platform 
rather than a specific business outcome. 

Inst: Open source legacy (MosaicML), SOC2 | Rel: Unified data/AI vision leader; NVIDIA 
backing | Perf: 5x better model performance; lower TCO 

Usage-based ($0.07 - $0.40 / 
DBU) 
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APPENDIX D. ARTIFACT LIST AND SOURCE URLS 

Table D1 lists the primary public artifacts used for each firm. Websites are dynamic, so the URLs document the source trail used during the data collection 

period. 

Table D1. Artifact list and source URLs 

Company Main AI page Pricing URL Case study URL 

Jasper https://www.jasper.ai/ https://www.jasper.ai/pricing https://www.jasper.ai/case-studies/cushman-wakefield 

Glean https://www.glean.com/ https://www.glean.com/pricing https://www.glean.com/resources/customer-
stories/wealthsimple 

Salesforce https://www.salesforce.com/agentforce/ https://www.salesforce.com/agentforce/pricing/ https://www.salesforce.com/customer-success-stories/ 

HubSpot https://www.hubspot.com/products/artificial-intelligence https://www.hubspot.com/pricing/marketing https://www.hubspot.com/products/artificial-intelligence/use-
cases 

OpenAI https://openai.com/enterprise https://openai.com/enterprise/pricing https://openai.com/customer-stories 

Anthropic https://www.anthropic.com/ https://www.anthropic.com/pricing https://www.anthropic.com/customers 

Copy.ai https://www.copy.ai/ https://www.copy.ai/prices https://www.copy.ai/blog/customer-case-studies 

Writer https://writer.com/ https://writer.com/plans/ https://writer.com/blog/salesforce-customer-story 

Gong https://www.gong.io/ https://www.gong.io/pricing https://www.gong.io/customers/ 

Harvey https://www.harvey.ai/ https://www.harvey.ai/contact https://www.harvey.ai/blog 

Ironclad https://ironcladapp.com/ https://ironcladapp.com/contact-sales/ https://ironcladapp.com/customers/ 

Pinecone https://www.pinecone.io/ https://www.pinecone.io/pricing/ https://www.pinecone.io/customers/ 

Typeform https://www.typeform.com/ai/ https://www.typeform.com/pricing/ https://www.typeform.com/customers/ 

Descript https://www.descript.com/ https://www.descript.com/pricing https://www.descript.com/customers 

Perplexity https://www.perplexity.ai/ https://www.perplexity.ai/pro https://www.perplexity.ai/about 

Notion https://www.notion.so/product/ai https://www.notion.so/pricing https://www.notion.so/customers 

Intercom https://www.intercom.com/fin https://www.intercom.com/pricing https://www.intercom.com/customers/synthesia 

Apollo.ai https://www.apollo.io/ https://www.apollo.io/pricing/ https://www.apollo.io/magazine/articles/customer-stories 

Loom https://www.loom.com/ai https://www.loom.com/pricing https://www.loom.com/customers 

6sense https://6sense.com/revenue-ai/ https://6sense.com/contact-sales/ https://6sense.com/customers/ 

Highspot https://www.highspot.com/ https://www.highspot.com/request-demo/ https://www.highspot.com/success-stories 
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Midjourney https://www.midjourney.com/ https://www.midjourney.com/account/ https://discord.com/invite/midjourney 

Adobe https://www.adobe.com/firefly https://www.adobe.com/uk/products/firefly/plans.html https://www.adobe.com/customer-success-stories.html 

Microsoft https://www.microsoft.com/en-us/microsoft-365/copilot https://www.microsoft.com/en-us/microsoft-365/copilot/pricing https://www.microsoft.com/en-us/ai/ai-customer-stories 

SAP https://www.sap.com/products/artificial-intelligence.html https://www.sap.com/about/trust-center/pricing.html https://www.sap.com/products/artificial-
intelligence/customer-stories.html 

Oracle https://www.oracle.com/artificial-intelligence/ https://www.oracle.com/cloud/pricing/ https://www.oracle.com/customers/ 

Zendesk https://www.zendesk.com/service/ai/ https://www.zendesk.com/pricing/ https://www.zendesk.com/why-zendesk/customers/ 

ServiceNow https://www.servicenow.com/now-platform/generative-ai.html https://www.servicenow.com/pricing.html https://www.servicenow.com/customers.html 

Workday https://www.workday.com/en-us/solutions/artificial-intelligence.html https://www.workday.com/en-us/contact-us.html https://www.workday.com/en-us/customers.html 

Atlassian https://www.atlassian.com/software/rovo https://www.atlassian.com/software/rovo/pricing https://www.atlassian.com/blog/announcements/unleashing-
power-of-ai 

Zoom https://www.zoom.com/en/ai-companion/ https://www.zoom.com/en/pricing/ https://www.zoom.com/en/customer-stories/ 

Box https://www.box.com/ai https://www.box.com/pricing https://www.box.com/customers 

Monday.com https://monday.com/platform/ai https://monday.com/pricing/ https://monday.com/blog/crm-and-sales/ai-driven-lead-
qualification/ 

Cisco https://www.cisco.com/site/us/en/solutions/artificial-intelligence/index.html https://www.cisco.com/c/en/us/buy.html https://www.thousandeyes.com/customers 

Mailchimp https://mailchimp.com/features/generative-ai/ https://mailchimp.com/pricing/ https://mailchimp.com/resources/ai-reporting/ 

DocuSign https://www.docusign.com/products/iam https://www.docusign.com/pricing https://www.docusign.com/customer-stories 

Genesys https://www.genesys.com/capabilities/ai https://www.platform28.com/blog/genesys-cloud-pricing-guide https://www.genesys.com/customer-stories 

PagerDuty https://www.pagerduty.com/platform/generative-ai/ https://www.pagerduty.com/pricing/ https://www.pagerduty.com/customers/ 

Snowflake https://www.snowflake.com/en/data-cloud/cortex/ https://www.snowflake.com/en/data-cloud/pricing-options/ https://www.snowflake.com/en/why-snowflake/customers/ 

Databricks https://www.databricks.com/product/machine-learning https://www.databricks.com/product/pricing https://www.databricks.com/customers 
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