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Abstract

Artificial Intelligence (AI) is widely adopted across the e-commerce industry, yet firms still
struggle to show that customer-facing Al produces measurable financial returns. Three literatures
address the parts of this problem separately: Al-in-retail research treats improved customer
experience as an endpoint rather than as the start of a financial claim; marketing and accounting
research finds that measures such as satisfaction predict financial performance only
inconsistently; and IT-value research shows the challenge of isolating a single investment’s
contribution. How a firm joins these steps into one argument, and where that argument might fail,
has not been examined. The thesis therefore asks how e-commerce firms link Al-driven customer
experience (CX) tools to return on investment (ROI) in their public disclosures and where these

linkages break down.

The thesis is a qualitative embedded multiple-case analysis of thirty AI-CX tool-cases across six
e-commerce firms (Klarna, Zalando, eBay, ASOS, Wayfair and Stitch Fix), drawing on 113
public documents. Each tool-case is coded against an integrated three-gate framework,
encompassing measurement capability (Gate 1), attribution and causal identification (Gate 2), and
financial translation (Gate 3), built on the dynamic-capabilities, multi-touch-attribution, balanced

scorecard and hard/soft ROI literatures.



Attribution and causal identification is the most common breakpoint: nine of the thirty tool-cases
break at Gate 1, seventeen at Gate 2, and the four reaching Gate 3 do not clear it. No tool-case
discloses a benefit netted against its cost, and disclosed rigour and disclosed monetary value
never occur in the same tool-case. The Al ROI gap is therefore not a single deficiency but a
sequential breakdown in disclosed reasoning. The three-gate framework gives firms and

researchers a structured way to locate where a given AI-CX value claim loses its support.
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Chapter 1: Introduction

1.1 Background

Artificial intelligence has moved beyond the experimental phase in many commercial settings.
For most firms, the question is no longer whether they should adopt Al, but rather how they can
translate it into measurable financial returns. The adoption of Al is now widespread, as shown in
McKinsey’s global survey: a large majority of organisations report implementing Al in at least
one business function (Singla et al., 2025). Despite this, adoption has consistently outpaced
measurable financial returns. McKinsey notes that only 39% of organisations attribute a
measurable Earnings before Interest and Taxes (EBIT) impact to these technologies at the

enterprise level.

Although research on the financial impact of Al is relatively recent in nature, this disconnect is
not surprising. Productivity gains from general-purpose technologies like Al often follow a
J-curve pattern: returns appear slowly, often after complementary investments in organisational
processes and data infrastructure have been made (Brynjolfsson, Rock & Syverson, 2021).
Firm-level financial data therefore routinely underestimates the eventual impact of digital

investments, particularly in the short term (Kohli & Grover, 2008).

E-commerce provides a particularly suited setting in which to examine this disconnect, as the
sector is inherently digital, generates and captures large volumes of behavioural data, and
e-commerce firms are among the most intensive adopters of customer-facing Al tools. In B2C
E-commerce, customer-facing applications such as recommendation systems, conversational
agents, personalised search, and hyper-personalisation systems, increasingly shape how
customers discover products, receive support, and interact with firms (Huang & Rust, 2018; Blut,
Wiinderlich & Brock, 2024; Dhiman, Jamwal & Kumar, 2023). Research indicates that such
applications can improve customer-level outcomes, including satisfaction and engagement (Blut

et al., 2024).

However, evidence of an improved customer experience is not, by itself, evidence of a financial
return. Return on Investment (ROI) remains a key benchmark by which firms justify resource

allocation. In addition, it allows firms to assess whether they really profited from an investment



or incurred a loss (Clayman, Fridson & Troughton, 2012; Kohli & Grover, 2008). The problem
this thesis examines is not whether AI-CX tools improve customer experience, but rather how
e-commerce firms construct and substantiate the link between these improvements and financial

returns in their public disclosures.

1.2 Problem Statement

The value created by AI-CX tools is primarily soft/intangible, such as satisfaction, engagement,
and convenience, meaning it is generally non-financial, qualitative, and difficult to tie directly to
cash flow (Mogollon & Raisinghani, 2003; Kaplan & Norton, 1996). The process by which these
outcomes translate into defensible financial returns does not occur automatically. There are three

bodies of literature that address this question without fully answering it.

Research on Al in retail and service indicates that AI-CX tools can improve experiential
outcomes, yet the literature treats those outcomes as endpoints rather than as inputs that lead to a
financial claim (Blut et al., 2024). Marketing and accounting research suggests that non-financial
measures, such as customer satisfaction, can serve as leading indicators of financial performance,
but this relationship does not hold consistently. The relationship depends on context, timing, and
the firm itself, which makes the translation from non-financial to financial returns frequently
unreliable (Ittner & Larcker, 1998; Guenther & Guenther, 2021; Mittal et al., 2023). This is
because a rising satisfaction rate does not guarantee that profit will follow, and even if it does,

tracing this improvement to a specific tool is a separate problem.

The IT literature adds a third difficulty: how does one isolate the financial contribution of a
particular digital investment? The literature suggests that the issue lies in the design of the
measurement and attribution system, not in lack of data. This becomes especially difficult when
customers interact across multiple channels, where legacy attribution methods fail to assign credit
accurately. In addition, the measured impact of the same AI-CX tool can vary dramatically
depending on how it is employed by a company, a point developed further through the
Multi-Touch Attribution literature in §2.4. This makes it hard to know which event or touchpoint
along the customer journey drives a sale (Kohli & Grover, 2008; Berman, 2018; Anderl et al.,

2016).



This literature points to a measurement, attribution and translation gap. Firms implement AI-CX
tools and measure their experiential benefits for customers, but the path to a defensible ROI
figure requires addressing the firm’s measurement capabilities, how to accurately attribute the
benefits to the actual tool, and translating soft to hard financial terms. Any of these can break

down. How firms navigate this path and where it breaks is the question this thesis examines.

1.3 Research Gap

The literature above addresses each component of the AI-CX-to-ROI relationship separately,
mostly at the aggregate level: whether Al tools improve experience, whether satisfaction
correlates with performance across large samples and why attribution is difficult in principle.
However, it does not examine how individual e-commerce firms actually attempt to build a

complete linkage in their public disclosures, or at what point that linkage fails.

This thesis examines that gap. Instead of testing whether Al improves financial outcomes across
firms at the aggregate level, this thesis treats each firm’s disclosed AI-CX-ROI account as the
object of analysis and examines where the reasoning holds and where it fails. Measurement,

attribution, and financial translation are not the same problem; thus, they do not have the same

fix.

1.4 Purpose

This thesis examines how e-commerce firms translate Al-driven customer experience
improvements into financial returns within their public disclosures, and diagnoses why that
translation succeeds or fails. Knowing at which stage the chain breaks helps firms identify which

part of the disclosed evidence chain remains unsupported.

The thesis does not attempt to measure Al’s overall effect on firm performance. In this thesis,
ROI is the financial reference point, and AI-CX tools are the primary objects of analysis. Where
firms do not disclose a fully netted ROI figure, the analysis still records the level of financial
translation they do disclose - from soft proxy KPIs through to monetised gross benefits - using
the evidence hierarchy set out in §2.4.4 and operationalised in §3.7. This allows the thesis to

distinguish firms that disclose no financial translation at all from firms that disclose a monetised



benefit without netting it against investment cost, rather than treating both as equally

uninformative.

1.5 Research Question

The thesis asks: How do e-commerce companies link Al-driven customer-experience tools to

ROI in their public disclosures, and where do these linkages break down?

The question has two parts:

1. Describe how firms attempt the linkage in their public disclosures.

2. Diagnose where, and why, the linkage fails.

1.6 Scope, Delimitations and Perspective

E-commerce is the focus of the study for the following two reasons. The industry is inherently
digital and generates the behavioural data that AI-CX tools require (Dritsas & Trigka, 2025).
Furthermore, its dense reliance on KPIs makes it suitable for systematic study on ROI
(Madanchian, 2024). This study covers tools that have a direct effect on customer interactions,
including chatbots and conversational assistants, personalised search, and recommendation
engines. Al applications in fraud detection, credit underwriting, logistics, and internal

productivity fall outside the scope.

The study examines only publicly listed or publicly disclosing firms and only their disclosed
accounts. Internal measurement systems, undisclosed attribution methodologies, and private
performance data are structurally out of reach. The findings are analytical rather than statistical,
aiming to explain how and why ROI measurement breaks down in specific cases, not how

frequently this happens across e-commerce firms generally.

A methodological note: this thesis reads firm-level public disclosures as strategic communication
constructed by the firm, rather than transparent records of internal practice. This interpretive

position is developed in §3.2.



Chapter 2: Literature Review and Framework

2.1 Method of Literature Review

This chapter aims to explain and justify the literature search to ensure transparency. It consists of
three parts: literature on Al adoption and impact in e-commerce (2.2), literature on AI-CX tools
(2.3), and the four theoretical concepts selected for analysis (2.4). These are then combined into

an integrated diagnostic framework for analysis (2.5).

An electronic search was done across Google Scholar, SCOPUS, and ScienceDirect.
Combinations of the keywords ‘AIl’, ‘CX tools’, ‘e-commerce’, ‘Return on investment’,
‘Recommendation engines’, ‘Attribution gap’, and related terms were used. Google Scholar was
included after checking for peer-reviewed papers and reputable publications. Only
English-language, business- and economics-classified peer-reviewed articles in their final stages
were included. When the selection process for sources concluded, 43 sources remained, and they
were used based on selection criteria that included relevance, quality, and thematic fit. The
sources and triangulation approach used for the six cases analysed in Chapter 4 are addressed

separately in §3.6.

Four thematic streams were identified from retained sources: (1) financial measurement and ROI;
(2) Al adoption and organisational capability; (3) attribution and the customer journey; and (4)
strategic performance management. Building on these, the concepts outlined in §2.4 were
identified as relevant for the research question, and further sources added, such as Anderl et al.

(2016), Nerreklit (2000), and Ittner and Larcker (1998).

2.2 Al in the E-commerce space and its impact

2.2.1 Adoption of Al in E-commerce

The literature suggests that Al has moved from an experimental digital novelty to a strategic
imperative in e-commerce. Market evidence indicates a surge in adoption, with global spending

on Al projected to exceed USD 630 billion by 2028 (Herold, 2024).



Many researchers argue that Al improves operational efficiency and customer engagement.
However, scaling these gains into enterprise-wide financial value remains a challenge (Pettersson

et al., 2025).

Huang and Rust (2018) provide a foundational theoretical account of this shift, illustrating how
Al influences service logic, shifting it from efficiency to personalisation. Blut, Wiinderlich, and
Brock (2024) confirm this effect through a meta-analysis of retail AI virtual assistant
deployments, finding that perceived price value and anthropomorphic design are key drivers of

virtual assistant adoption.

2.2.2 Measurement Practices and the ROI Gap

Recent research uses mixed methods (e.g., combining qualitative and quantitative approaches) to
connect technical Al performance (e.g., chatbot quality) with financial outcomes (e.g., customer
retention and ROI). Al tools reliably improve operational metrics such as response time and
service volume (Brynjolfsson, Li & Raymond, 2025); however, the actual translation of these
gains into firm-level ROI remains structurally difficult. Kohli and Grover (2008) suggest that the
problem arises from difficulties in isolating the financial impact of specific IT tools from
concurrent business changes. This issue becomes more acute as Al tools are embedded into
complex, multi-touchpoint customer journeys. Ittner and Larcker (1998) reach the same diagnosis
from different angles: the attribution problem (i.e., the difficulty of isolating the effects of Al

tools) rather than tool selection limits the usefulness of traditional ROI metrics.

This mirrors the IT productivity paradox documented in broader IT-value literature, where
Brynjolfsson, Rock and Syverson (2021) illustrate that Al investments generate complementary
intangible assets whose value is systematically underreported in standard productivity measures,
locating the measurement problem at the structural level rather than at the level of any individual

firm.

While Al tools can reliably improve customer engagement and service efficiency, Pettersson et
al. (2025) argue that capturing true value is much harder when based on top-line growth rather
than bottom-line cost-cutting. This divergence reflects a deeper measurement problem identified

in the literature: cost savings from automation are directly observable and auditable, whereas



revenue uplift from Al-enabled experiences is diffused across multiple touchpoints and often

masked by external market dynamics (Kohli & Grover, 2008).

Kohli and Grover (2008) observe a latency effect, in which the return on IT investments often
takes years to manifest after their adoption. This suggests that while firms may have genuine
measurement capability, the financial payoff is not yet observable. This reinforces the argument
that value realisation is not purely a function of technological capability, but also of

organisational conditions and complementary investments (Teece, 2006).

2.2.3 Types of Al Applications Along the E-commerce Value Chain

In the e-commerce market, Al tools operate across the full value chain.

Front-end tools such as recommendation engines, personalised search, conversational Al, and
hyper-personalisation directly shape the customer experience and are the main focus of this thesis
(Huang & Rust, 2018; Blut et al., 2024). Tools in the middle of the value chain, including
dynamic pricing, promotion optimisation, and fraud detection, operate mostly behind the
customer interface, while back-end tools manage inventory forecasting and supply chain

automation (Geibel & Machavariani, 2025).

2.3 Al-driven Customer Experience tools

This thesis defines Al-driven customer experience (CX) tools as software systems that rely on
machine learning or generative Al to perform cognitive functions (pattern recognition, natural
language understanding, or personalised content generation) to manage and enhance
business-to-customer interactions (Huang & Rust, 2018; Dritsas & Trigka, 2025). Back-end
operational Al (inventory, logistics) and seller-facing tools fall outside this scope. The thesis
focuses on customer-facing tools, where the link between Al adoption and business outcomes

begins.

2.3.1 Typology and Mechanisms of AI-CX Tools

These tools can be categorised into several primary tool types, including Predictive and

Behavioural analytics systems, Generative Content tools, Immersive and Augmented Interaction



tools, Al-Enhanced search and discovery, Hyper-Personalisation Engines, and Conversational Al.

The following table gives an overview of these tools:

Table 1: Typology of Al-driven customer experience tools

Tool type Working definition

Systems that model customer behaviour from historical and in-session data to
Predictive & behavioural analytics anticipate intent, demand or churn and to trigger tailored actions, shifting the firm
from reactive to predictive personalisation (Dritsas & Trigka, 2025).

Tools that use generative Al to produce customer-facing content or imagery - product

(IR INGEEITEIT descriptions, styling and visual concepts - at scale (Huang & Rust, 2018).

Tools that add virtual, augmented or 3-D layers to the shopping experience, such as

I i ted int: ti . . .
mmersive & augmented interaction virtual try-on and fitting, to reduce uncertainty before purchase.

Systems that interpret user intent beyond literal keyword matching - including visual

ARl mTezd] peal & Eissorery and semantic search - to surface relevant products (Dritsas & Trigka, 2025).

Recommendation and personalisation systems that tailor product discovery to the
Hyper-personalisation engines individual customer to raise engagement and Customer Lifetime Value (Madanchian,
2024).

NLP- and ML-based assistants that mimic human dialogue to handle support and
Conversational Al shopping tasks, raising queries handled per agent and reducing response times
(Brynjolfsson, Li & Raymond, 2025).

The literature reveals that the customer experience (CX) outcomes of these Al tools — soft,
non-financial outcomes such as satisfaction and engagement — function as a bridge, connecting
their technical capabilities with financial performance through various mediating mechanisms/
metrics, such as customer engagement. As already established, conversational Al tools, such as
chatbots and virtual assistants, rely on Natural Language Processing (NLP) and Machine
Learning to mimic human conversation. Brynjolfsson, Li & Raymond (2025) show that
conversational Al tools can substantially increase the volume of routine customer service queries
handled per agent, thereby reducing response times and freeing up agents for other work, which

in turn further enhances the customer experience.

Al-driven recommendation and personalisation engines have transformed how firms tailor
product discovery and marketing to individual customers. Madanchian (2024) argues that
Al-driven recommendation engines can significantly increase sales success by customising
product recommendations to each customer’s tastes. Thus, Al promises to improve Customer
Lifetime Value (CLV) (Madanchian, 2024). Al-driven recommendation and personalisation
engines enable a shift from reactive to predictive analytics, enabling companies to anticipate

needs in advance (Madanchian, 2024; Dritsas & Trigka, 2025). According to Dritsas & Trigka



(2025), Al-Enhanced Search and Discovery goes beyond traditional keyword search and aims to

capture users’ intent beyond literal matches.

Madanchian (2024) argues that Al-driven personalisation drives repeat purchases and long-term
customer loyalty. This is consistent with Ittner and Larcker’s (1998) leading-indicator logic.
Furthermore, chatbots are able to reduce call-centre workloads, leading to a reduction in

operating costs (Brynjolfsson, Li & Raymond, 2025).

2.3.2 Critical Success Factors and Boundary Conditions

It is worth exploring what makes these Al-driven CX tools effective. Adam et al. (2021) suggest
that effective tools often incorporate human-like traits such as the ability to engage in small talk,
empathy and a specific identity. However, Dhiman et al. (2023) suggest that anthropomorphism
alone does not enhance perceived Al value, and that usefulness and trust are the stronger drivers

of perceived value.

Furthermore, these tools can seamlessly integrate with existing core business systems, such as
CRM (Customer Relationship Management) and PIM (Product Information Management)
(Geibel & Machavariani, 2025). However, while some of these tools aim to fully automate
processes, many function as augmented Al, assisting human employees so they can focus on

high-value, complex interactions (Kejriwal, 2023).

In addition, Pettersson et al. (2025) demonstrate that realising value from Al requires more than
technical deployment. Their study of Ericsson’s Al transformation found that roughly 60% of Al
implementation effort went into process reconfiguration and capability development, not into the
technology itself. Firms that implement Al without redesigning their workflows are unlikely to

see returns, no matter how advanced the tools are.

2.3.3 Challenges, Risks, and Measurement Gaps

The literature highlights that while Al offers transformative potential, its implementation carries
significant risks, including over-automation, opacity, privacy, and systemic bias, all of which can

ultimately undermine user satisfaction and organisational trust.

Beyond a direct effect on the relationship between the firm and the customer, two of these risks

go back to the measurement problem this thesis addresses. GDPR requirements, along with the
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decline of third-party cookies, have eroded the tracking data that attribution models rely on

(Miller & Skiera, 2023). This compounds the structural attribution problem discussed in §2.2.2.

Most current Al approaches optimise for specific metrics, but overemphasising them can lead to
real-world harms, such as a myopic focus on short-term qualities at the expense of long-term
value (Thomas & Uminsky, 2022). In e-commerce, optimising for a single metric can lead to
“reward hacking,” where an algorithm finds a way to optimise the function in a way that subverts

the designer’s original intent (Thomas & Uminsky, 2022).

These risks illustrate the difficulty in translating soft metrics into defensible financial returns, as
privacy limits narrow the measurement window and attribution is structurally difficult. This
measurement gap is the central problem this thesis sets out to explore, and the theoretical

concepts needed to analyse it are introduced in the sections that follow (§2.4).

2.4 Theoretical concepts

Four theoretical concepts underpin the diagnostic framework introduced in §2.5, each addressing
one of the three gates in the sequential translation chain from AI-CX tool to financial ROI.
Dynamic Capabilities functions as an organisational precondition and interpretive lens for Gate 1
(measurement capability): it frames what a firm would need in place to measure a tool’s
performance at all, without itself explaining how that measurement translates into value.
Multi-Touch Attribution serves as the primary theoretical anchor for Gate 2 (attribution and
causal identification), particularly for tools embedded in multi-touch customer journeys. The
remaining two concepts address Gate 3 (financial translation): the Balanced Scorecard supplies
the vocabulary for classifying which dimensions of value a firm reports, and the Hard/Soft ROI
typology classifies whether a claimed value has been converted into a monetisable figure. The
four concepts are presented below in the order in which they apply to the three gates, rather than

in the order in which they were identified during the literature search (§2.1).

2.4.1 Dynamic Capabilities

Dynamic Capabilities describe a firm’s ability to sense opportunities and threats, seize them
through the mobilisation of resources, and to reconfigure the resources and processes to fit the

changing environment (Teece, Pisano & Shuen, 1997; Teece, 2007). The following thesis does
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not treat dynamic capabilities as a central explanatory theory but uses it more narrowly, as a lens
for the first gate of the diagnostic framework: whether a company has the organisational
capability to measure the performance of an AI-CX tool at all. The relevant capability is not the
Al tool itself, but rather the company’s ability to reconfigure its measurement systems around the

tool so that the effects of the tool can be observed and tracked over time.

Within this framing, the general theory matters less than its specific Al-relevant subtypes. In the
context of corporate financial asset allocation, Li, Zhong & Tong (2024) show that the financial
value a company derives from Al adoption is not a function of the technology but rather is
moderated by distinct organisational dynamic capabilities (absorptive, innovative and adaptive),
with absorptive capability, which can be understood as the capacity to identify, assimilate and
apply new knowledge, showing the strongest effect. This ties directly to the first gate, as two
companies that use the same AI-CX tool can get completely different measurable returns
depending on whether they show the absorptive capability to turn the data extracted from the tool

into usable performance analytics.

The analytical capability aspect is explored explicitly in the works of Kohli and Grover (2008),
who argue that as IT is implemented in business processes, value depends less on technology and
more on the firm’s capability to sense, collect, organise and analyse the data that the technology
generates. For an AI-CX tool, this relates to the first gate’s question: does the firm have the
analytical capability to implement the tool, capture its outputs and convert them into KPIs? The
firm is left making claims about the tool’s value based on intuition and narrative rather than hard

evidence, if the capability is nonexistent.

The application of the theory is qualified by two boundary constraints. The first is that dynamic
capabilities are criticised heavily for their conceptual vagueness. Eisenhardt and Martin (2000)
note that the construct is very tautological, and this is one of the reasons for using the theory as a
preconditional lens rather than a load-bearing theory in the thesis. Secondly, capability takes time
to translate into actual value, as the IT-value literature documents a latency effect in which
returns follow adoption, but only after years (Kohli & Grover, 2008). A company may have a
proper measurement capability, but the financial payoft is not observed for years after adoption.
This distinction is where the first gate analysis holds open, rather than reducing and simplifying it

to a pass-or-fail verdict.
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2.4.2 Multi-Touch Attribution

Multi-Touch Attribution is the primary theoretical anchor developed here for Gate 2, but it
addresses one instance of a broader analytical requirement: isolating the causal contribution of a
specific AI-CX tool from other concurrent influences on the outcome. Two distinct questions are
involved. Credit allocation asks how conversion credit should be distributed across the
touchpoints a customer encountered; causal attribution asks what would have happened in the
tool’s absence. MTA, together with Shapley- and Markov-based models, answers the first
question well for multi-touchpoint customer journeys, such as recommendation engines or
personalised search. It is a less natural fit for tools whose value is realised through a single,
discrete interaction - a customer-service chatbot, for instance - where causal attribution is more
directly established through methods such as randomised A/B tests, holdout or control groups,
and before/after comparisons of cost or handling time relative to a stable baseline. Gate 2 in this
thesis therefore evaluates causal attribution broadly, using Multi-Touch Attribution as its primary
theoretical anchor for journey-based tools, and treating these experimental and
quasi-experimental methods as an equivalent form of evidence for tools evaluated on a single

operational metric.

The modern e-commerce customer journey is not a structured, straightforward progression from
awareness to purchase. The dominant legacy approach (last-click attribution) assigns 100% of
conversion credit to the last touchpoint before purchase, systematically undervaluing all
mid-funnel touchpoints that preceded it (Berman, 2018). The result is ongoing budget
misallocation, with companies spending excessively on lower-funnel advertising while neglecting
to invest adequately in the CX tools that genuinely influence decisions. The measured impact of
the same AI-CX tool can vary dramatically depending on how it is deployed. In a controlled field
experiment, disclosing before a sales conversation that a chat function is not by a real person but
instead Al-based reduced purchase rates by more than 79% compared to a non-disclosed
deployment (Luo et al, 2019). This illustrates a core attribution problem: the financial outcome

cannot be attributed to the tool alone, but depends on the conditions under which it operates.

Multi-Touch Attribution (MTA) was introduced to address this failure by distributing conversion
credit across all touchpoints. While rule-based models, such as linear and time-decay models,

show improvement, they remain arbitrary in their credit allocation. The bigger improvement lies
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in data-driven approaches based on the Shapley value (Shapely, 1953), which calculates each
touchpoint’s average marginal contribution across all potential sequences of customer
interactions, satisfying the essential fairness criteria of symmetry and additivity and which has
since been formalised as an axiomatic attribution framework for online advertising (Singal et al.,
2022). Markov chain models provide a less resource-intensive method for assessing the value of
each touchpoint by measuring the removal effect: the decline in conversion probability if this

touchpoint is entirely excluded (Anderl et al., 2016).

Within the thesis, MTA is not used as a single framework in the diagnostic framework but rather
as the primary theoretical anchor of the attribution gate, the structural bottleneck of the
translation chain. MTA is the analytical means by which an e-commerce company may connect
Al-powered tools to defensible, measurable financial ROI. Without attribution logic, the
relationship between implementation and revenue results is difficult to discern in the available

evidence, making it the primary research question of this thesis.

Several structural challenges impede the practical application of MTA: data fragmentation across
multiple platforms results in customer journey data being isolated; GDPR consent mandates and
the decline of third-party cookies have significantly compromised inertia, creating reasons to
keep traditional models even when data-driven attribution would reallocate budgets. Beyond the
implementation challenges, it fails to account for offline interactions or view-through impacts,
requires substantial amounts of clean, integrated data that many companies do not possess, and
faces increasing limits on the detailed tracking upon which all current applications depend

(-Miller & Skiera, 2023).

2.4.3 Balanced Scorecard

The Balanced Scorecard framework is a strategic framework that evaluates a company’s
organisational performance and tracks it across four perspectives: financial (tangible monetary
outcomes), customer (satisfaction and loyalty), internal business processes (operational
effectiveness), and learning and growth (development of people, structures, and shared
understanding) (Kaplan & Norton, 1992, 1996). The financial ROI refers to only one of the four
quadrants. When applied to the thesis, all four perspectives can be mapped onto different values

that AI-CX tools can produce: recommendation revenue is the financial quadrant, chatbot CSAT
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values refer to the customer one, automated cost-per-contact refers to the internal processes

quadrant, and the accumulated Al-training data assets refer to the learning and growth quadrant.

An important note: the thesis does not use the Balanced Scorecard framework as a standalone
theory of value creation, but instead relegates it to a classification vocabulary embedded in the
financial translation gate. The reason is that it gives the thesis a structured way to record which
dimensions of value an AI-CX tool has reported, and which it leaves silent, rather than a
mechanism for explaining whether value was created. The explanation is carried by the Hard/Soft

ROI typology in §2.4.4 and by the attribution logic in the attribution gate in §2.4.2.

There are two limitations that justify narrowing the framework’s role. The first is that there is no
standard BSC configuration for Al initiatives, and KPI selection is shown to be highly subjective.
Norreklit (2000) explains that chosen KPIs can reflect internal political forces rather than rational
measurement principles. Another limitation to note is that BSC does not address the attribution
problem, as the quadrants cannot identify which Al tool produced a given outcome and cannot
separate the tool’s effect from concurrent operational and market shifts (Nerreklit, 2000). A
further practical weakness would be the departments of a company that hold the framework’s
quadrants (the finance department holds the financial quadrant, operations holds the process
quadrant, and the CX teams hold the customer quadrant) and rarely integrate them into a single
account of a tool’s total effect. For the reasons explained above, BSC is used solely as a
classification vocabulary within Gate 3, recording which dimensions of value a firm reports

rather than explaining how that value was created or isolated from other effects.

2.4.4 Hard vs Soft ROI

The distinction between hard and soft returns has its origins in performance-measurement
research, where Phillips (1997) separates hard data, which are directly quantifiable, monetisable
outcomes, such as revenue increases, from soft data, which are non-monetary outcomes such as
satisfaction, perception and engagement. Phillips builds on Kirkpatrick’s (1959) framework for
evaluating training programs, which laid the groundwork for distinguishing between tangible and
more subjective outcomes. When the concept of hard and soft data was applied to information
technology, Brynjolfsson and Yang (1997) show that IT investments generate substantial

intangible benefits. They demonstrate that while these intangible benefits are real, they are also
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structurally difficult to capture as financial returns. This extends the hard/soft distinction from its

origin in training evaluation into the technology-investment domain that this thesis examines.

To operationalise this distinction, the thesis distinguishes six levels of disclosed financial
evidence, ordered from weakest to strongest: (1) a purely narrative benefit claim with no
accompanying metric; (2) a disclosed soft KPI, such as satisfaction or engagement; (3) a
disclosed operational KPI, such as response time or cost per contact; (4) a disclosed monetised
gross benefit, such as attributed revenue uplift or cost savings, without reference to the
investment required to achieve it; (5) a disclosed net benefit that nets the monetised gross benefit
against investment cost; and (6) a fully specified ROI ratio or equivalent return metric. Levels 4
and 5 are treated as distinct claims, not as the same claim in different words: Al investments carry
substantial costs in data infrastructure, model training, licensing, integration and process change
that are rarely disclosed in full, so a monetised gross benefit claim should not be read as
equivalent to a true, netted ROI claim. Should no claim be made at all, this thesis classifies this as

a Level 0. The level hierarchy is summarised in Table 3 in §4.1.

The analytical interest of the distinction lies not in choosing hard over soft but rather in the
translation from one to the other: meaning how, and how successfully, firms are able to convert
intangible CX outcomes into defensible financial claims. AI-CX tools characteristically produce
soft evidence first (satisfaction, response time, engagement), which function as leading indicators
of future financial performance rather than as financial results themselves (Lu, 2003; Mogollon &
Raisinghani, 2003; Liao et al., 2025). Whether those leading indicators actually convert into hard
returns is the central empirical question, and the accounting and marketing literatures treat it as
unresolved. Ittner and Larcker (1998) suggest that non-financial measures, such as customer
satisfaction, can serve as leading indicators of financial performance; however, the relationship is
conditional, non-linear, and often unreliable. This implies that a firm cannot assume the
soft-to-hard link simply because it holds soft evidence. Guenther and Guenther (2021) reach a
similar conclusion: the satisfaction-to-financial performance link exists in principle but is lagged
and hard to isolate at the level of an individual firm. Mittal et al. (2023) broadly confirm that the

link exists, while observing the difficulty in isolating the linkage at the firm level.

This is why soft evidence is rarely sufficient on its own. Ongoing pressure from capital markets

and finance teams towards producing auditable, hard financial evidence means that intangible CX
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gains must eventually be defended in monetary terms (Lu, 2003; Mogollon & Raisinghani, 2003).
Yet the actual translation remains difficult: it involves subjective judgement, accounting
constraints, and statistical attribution hurdles (Guenther & Guenther, 2021). Kohli and Grover
(2008) argue that the problem is structural: establishing causality for value created through IT
investments is “elusive” because both precisely measuring the investment and isolating its effect
on financial outcomes are inherently difficult. They suggest that this is caused by a problem in
the design and not simply by a lack of available data. They introduce a ‘“value expansion”
concept, further warning that relying solely on hard financial metrics will consistently
underreport the intangible value IT investments generate, which is why this thesis measures both

rather than relying on hard ROI alone.

The result is the core issue that Gate 3 diagnoses: most firms struggle to establish a validated link
between the soft proxies generated by AI-CX tools and the hard financial claims demanded by
their stakeholders. The Balanced Scorecard’s four perspectives (§2.4.3) and the Hard/Soft ROI
typology serve complementary functions within this gate: BSC classifies which dimension of
value a company reports, while Hard/Soft ROI classifies whether that reported value has actually
been converted into a monetisable figure. A firm can populate all four BSC quadrants without

ever completing this conversion - which is precisely the failure mode Gate 3 is designed to detect.

2.5 Integrated Diagnostic Framework

This thesis integrates the theoretical concepts described above into a single diagnostic
framework, which frames the link between an Al-driven CX tool and financial ROI as a

sequential translation chain of three “Gates”. The different gates consist of:

1. Gate 1: Measurement — does the company have the capabilities to not only to adopt and
integrate CX-Al tools into their infrastructure and processes, but also to measure the

effects of such tools over time

2. Gate 2: Attribution and causal identification — does the company undertake the necessary

steps to correctly isolate the effect of the CX-AlI tools, and

3. Gate 3: Financial translation — does the company translate the effect of the CX-AlI tools to

hard economic benefits;
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Each of these gates must be cleared for a credible ROI claim to be possible. If an ROI claim does
not seem to be credible or is absent, the diagnostic framework identifies the location in a firm’s
publicly disclosed accounts where the translation from an AI-CX initiative to the financial return

this initiative creates breaks down.

Figure 1: The three-gate diagnostic framework

Measurement Gate 2 Attribution & causal ID Gate 3  Financial translation
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Methodological premise: The evidence base of this thesis is restricted to publicly disclosed
materials. The above framework with its three gates can thus only evaluate a company’s disclosed
account of its measurement, attribution and financial translation practice. The framework
evaluates the evidence firms publicly disclose about these practices; it does not treat the absence
of disclosure as direct evidence that the corresponding internal capability is absent. A company
however may possess a more mature practice than its public disclosures suggest, for instance
where attribution methodology is withheld for competitive reasons. The breakpoint identified for
each case should therefore be read as the earliest gate at which the public record stops providing

defensible evidence, not as a claim about what the firm is privately capable of.

It is important to acknowledge that Hard/Soft ROI is not a theory in the classical sense; rather, it
is a typology, meaning a conceptual tool for classifying the kind of value claim a firm makes at
Gate 3 of the framework. The depth distributions on the main concepts are deliberate and are

justified in §3.3.

2.5.1 Gate 1: Measurement capability (Dynamic Capabilities as a precondition)

The sequential translation chain assumes that a firm has the infrastructure needed to observe and
measure its own AI-CX performance. Relying on Dynamic Capabilities (Teece, 2007), the

relevant capability here is not the actual Al tool itself but the organisation’s ability to sense, seize,
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and reconfigure measurement systems around the tool. This allows the firm to utilise the tool,
capture the benefits and track them over time. Where this foundational capability is missing, the
firm is forced to make decisions based on intuition rather than evidence, which is an issue
directly addressed by data-driven decision-making (Provost and Fawcett 2013). The disclosed
account does not substantiate this gate when a firm claims improvements without showing the

measurement approach behind those claims.

2.5.2 Gate 2: Attribution and causal identification (Multi-Touch Attribution as the

primary lens for journey-based tools)

A firm that can measure must be able to isolate the effect of the specific CX-Al tool from various
other events influencing a customer’s decision chain. And for CX-AI tools without a
multi-touchpoint journey, it must isolate their effect from other changes occurring over the same
time. This is the central challenge in value translation. As Kohli & Grover (2008) observe in
relation to general IT investments, collecting detailed data on such investments and tracing their
effects on business value is inherently difficult. In e-commerce in general, Berman (2018) shows
that value creation is often mis-attributed when companies use legacy systems that assign full
conversion credit to the last touchpoint before a purchase (last click attribution), leading to
systematic misattribution of value. As the Multi-Touch Attribution literature in §2.4 shows, this
effect is further compounded by the fact that even a well-measured tool’s contribution can shift
dramatically depending on deployment conditions (Luo et al., 2019). For tools evaluated on a
single operational metric rather than a multi-touch journey, an equivalent attribution problem
exists: without a named method, such as a randomised test, a holdout group, or a before/after
comparison against a stable baseline, a reported change in that metric cannot be credibly linked to

the tool.

Attribution is therefore the gate at which translation is theoretically most vulnerable: a firm may
have real measurements and a real financial figure, yet no defensible method linking the two. The
disclosed account does not substantiate this gate when, for example, a firm claims that after
integrating a recommendation tool, sales increased by €X, but no attribution method for this
claim appears in the disclosed account. Whether this expectation holds across the sample is

examined in §4.8.
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2.5.3 Gate 3: Financial translation (Hard/Soft ROI, using the Balanced Scorecard as

value vocabulary)

The final gate addresses how far a firm’s disclosed account translates the value it can attribute
into a financial figure. Following the evidence hierarchy set out in §2.4.4, the analytical interest
at this gate lies not only in whether soft, intangible benefits are translated into monetary terms at
all, but in how far that translation goes: from a disclosed soft or operational KPI, to a monetised
gross benefit, to a fully netted return figure. To characterise what kind of value a firm reports, the
four Balanced Scorecard perspectives (financial, customer, internal process, and learning and
growth) are used to classify the reported metrics (Kaplan & Norton, 1996), showing whether a
firm tracks value across multiple dimensions or reports an isolated, unmonetised proxy. The
disclosed account does not substantiate this gate when the translation stops at a soft or operational
KPI, or when a monetised benefit is reported without any indication of the investment required to

achieve it.

A note on the threshold: Gate 3 clears only at evidence Level 5 or 6 because anything below that
is not, by definition, a return on investment. A gross benefit that is never set against its cost is a
revenue or savings claim, not an ROI figure. The threshold is deliberately set at what ROI

logically requires so that the analysis examines the same thing firms claim to report.

2.5.4 Sequential dependency and diagnostic use

The three gates are sequentially dependent, meaning that each gate depends on the previous one.
This i1s what makes them one chain rather than three detachable tests. Attribution (Gate 2) is
meaningless without an established measurement capability to attribute (Gate 1); and a
financial-translation claim (Gate 3) needs a clean attribution (Gate 2) to be present, in order for
the claim to be defendable. Each gate therefore serves as a necessary condition for the credibility
of the next gate, and each failure at an early gate caps the credibility of everything downstream of

the translation chain, regardless of how confident the later claims appear.

The dependability of the gates enhances the framework’s diagnostic power. Each case is assigned
a breakpoint, which is the earliest gate at which the disclosed account fails: Measurement-level

(no measurable tracking disclosed), Attribution-level (no attribution method to isolate the effect
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disclosed), or Financial-Translation-level (proxies never shown as converted to a disclosed

financial value) - or, where no break is observed, a completed chain.

This diagnosis concerns the disclosed evidence chain rather than internal organisational reality: a
breakpoint identifies the earliest gate at which the public record no longer substantiates the chain,

not a judgement about whether the corresponding internal capability is genuinely absent.

How this framework is operationalised (including case selection, data sources and the coding

criteria for each gate) is set out in Chapter 3.

Chapter 3: Methodology

3.1 Chapter Overview

This chapter gives insights into how this thesis answers its research question: How do
e-commerce companies link Al-driven customer experience tools to ROI, and where do these
linkages break down in their public disclosures? The first part of the question is descriptive,
exploring the linking logic firms rely on, while the second part is diagnostic. This question is
about reasoning, framing and measurement practice rather than exploring whether Al improves

business outcomes.

The chapter is organised using Saunders et al.’s (2019) research-onion logic, addressing questions
about research philosophy through to data analysis. The case-study design of the thesis follows
Yin (2018), and to analyse the data, this thesis operationalises the three-gate framework
introduced in §2.5: measurement (Gate 1) — attribution (Gate 2) — financial translation (Gate
3). Each gate is a necessary condition for the next, thus functioning as a diagnostic sequential
framework, because for any given company the analysis locates the earliest gate at which the
translation from AI-CX tool to a defensible financial return breaks down. The design is a
descriptive multiple case study of six e-commerce companies, which are analysed deductively

against this framework.

3.2 Research Philosophy
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Given the nature of the research question, which examines the linking logic companies use to
connect Al tools to financial ROI, this thesis treats the linkage as something firms construct and
communicate, rather than something waiting to be measured. A positivist approach assumes that
ROI linkages exist as measurable relationships that are uncovered. This assumption does not hold
here because the linkage constructed in company communications is shaped by audience
expectations and challenged within firms between technical, CX, and finance roles and

operations.

The applied interpretivist stance is consistent with Alvesson and Skoldberg’s (2018, p. 11)
argument that “all references, trivial and non-trivial, are the results of interpretation” and that the

idea of an undeniable relationship between empirical data and reality must be rejected.

In this thesis, the statements analysed are treated as constructed accounts, which, in themselves,
are the object of analysis. For example, where a company’s earnings call describes an Al tool as
delivering measurable cost savings and its press release describes the same tool as improving
customer experience, the thesis does not attempt to decide which description is “correct.” Both
are treated as meaningful data, crucial for examining how the company frames the value of its Al
investment. The consequence is that public materials are not a second-best proxy for interview
access; they are the primary site where the linkage is constructed. This is further developed in

§3.4.

An interpretivist philosophy is fully compatible with a deductive case-study design (Yin, 2018);
the theoretical framework handles what is examined and how evidence is classified, while the

interpretivist stance governs how disclosure is read - as framing, not as fact.

3.3 Research Approach

The three-gate framework and its coding dimensions — the specific diagnostic questions asked of
each gate — were specified from theory before data collection (Appendix A). Before the full
analysis, the instrument was piloted on a limited subset of the case material to surface decision
rules that were ambiguous in practice (for example, the treatment of offline evaluation under Gate

2 and the boundary between Levels 0-4 and 5/6 at Gate 3 referred to in §3.7).

Following this pilot, the decision rules were finalised and locked, then applied consistently across

all six cases, and any material examined during the pilot was recoded with the final instrument.
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The design therefore remains deductive: the framework was brought to the data rather than
derived from it, and the refinements concerned the precision of pre-specified rules, not the

emergence of new categories from the cases (Yin, 2018).

Table 2 shows for each gate which academic theory was primarily used as an analytical lens, and

the break-point symptom it is designed to catch.

Table 2: Theories, gates, and break-point symptoms

Primary analytical Break-point

Bl concept or method Whatit captures symptom
Gate I: . - Whether the firm can sense/seize/reconfigure to Anec_d ot‘e‘s‘, 1o K.PI .
Measurement Dynamic Capabilities \ tracking; “we think it
I, capture the tool’s performance at all v
(precondition) works
Gate 2: Attribution Causgl attr.lbutlon and Whether impact is isolated through a named “Our recommender
identification; MTA as method (MTA/Shapley/Markov for journeys; S
and causal . drove €X” - ignores
‘dentification primary ancl}or for A/B test, holdout group, or cqntrolled Ty e
multi-touch journeys before/after comparison for single-touch tools
Hard/Soft ROI (Balanced Translation from soft

Gate 3: Financial
translation (lens)

Whether soft proxies convert into defensible hard

Scorecard as value ) . )
figures, and which value dimensions are reported

vocabulary)

to hard proxies does
not occur.

3.4 Research Design

The thesis employs a qualitative multiple-case study approach to six e-commerce companies,
each analysed against the three-gate conceptual framework introduced in this thesis, using
publicly available data. The unit of analysis is the firm, and within the firm the (various) AI-CX
tool(s) it discloses, analysed against the three-gate framework introduced in this thesis. This
follows Yin’s (2018) embedded case study design, in which a single case (the firm) contains
multiple embedded units of analysis (its disclosed tools), rather than a holistic design with one
undifferentiated unit per case. Where a company discloses more than one such function, each is
treated as a separate tool-case within that company, since disclosed evidence for measurement,
attribution, and financial translation may differ substantially between them. Two sources are
treated as describing the same tool-case when they address the same customer-facing function,
even where the underlying model architecture differs between them (for example, an earlier and a
later engineering publication describing the evolution of the same recommendation feature); they
are treated as separate tool-cases when they address different customer-facing functions. A

company’s overall profile in Chapter 4 is then reported as the pattern across its tool-cases, rather
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than collapsed into a single company-level verdict. A tool-case in this thesis is thus a real,
identifiable customer-facing AI-CX function with disclosed CX outcomes and traceable value
claims, embedded within the bounded real-world company case that Yin (2018) defines as the

unit of analysis.

This thesis has decided to rely on public documents rather than interviews. Public documents are
not a replacement for interview access; they show a different perspective. This thesis explores
how firms frame and communicate the AI-CX-ROI linkage to external audiences. That framing is
not hidden behind the annual report or the earnings call, waiting to be uncovered: it exists in
them. The report and the investor deck are not records of prior communication. They are the act
of communication. Relying on them as the primary data sources follows the interpretivist position

set out in §3.2 (Alvesson & Skoldberg, 2018).

Relying on interviews would have shown the internal accounts of how decisions were made. That
is a legitimate research object, but it is not what this thesis aims to answer. Furthermore, the
cross-audience analysis in §4 depends on how the firm frames the value of its tools to different
audiences, which only works if investor disclosures, customer communications, and engineering
write-ups exist as separate texts. One interviewee cannot speak for all three at once. The

limitations of the public-disclosure-only design are discussed in §3.9.

3.5 Research Strategy and Case Selection

The study adopts Yin’s (2018) descriptive multiple-case study design. Case study methodology is
appropriate when a research question asks how or why about a contemporary phenomenon the
researchers cannot control (Yin, 2018). The three-gate framework was fully specified from theory
before any company data was examined, as Yin’s descriptive case study design requires. The
multiple-case structure provides multiple observation points: each of the six cases is analysed
against the same framework, and patterns across cases yield more robust diagnostic conclusions

than any single case could.

This design is deductive and theory-applying, not inductive and theory-building. The three-gate
framework is brought to the data, not derived from it. Eisenhardt’s (1989) approach, in which a

framework emerges inductively from cases, therefore does not govern this design. Her logic for
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structuring cross-case comparison informs how the six cases are organised and interpreted

alongside each other, but not how the framework itself was constructed.

Two criteria were used to select the cases. First, all cases must have a publicly documented
AI-CX deployment with traceable value claims, sufficient to apply the framework across all three
gates. Second, the six cases should vary in the richness and type of their public disclosure, so that
the framework can be observed under different evidence conditions rather than only in the most
transparent cases. This is not statistical sampling; the goal is analytical breadth, not
representativeness. Six cases also seemed a manageable number in practice, broad enough to
allow meaningful variation across cases while still allowing sufficient depth of triangulated

sources per case (§3.6) to credibly evaluate all three gates.
The six cases analysed are Klarna, Zalando, eBay, ASOS, Wayfair and Stitch Fix.

All six cases are analysed with the same three-gate framework. Klarna and Zalando receive
extended treatment because their disclosures are richer and more varied across audiences, which
supports the framing-contrast analysis in §4. The other four are covered in proportion to the data
available to them. Tiered depth within a shared framework is a recognised case-study design

choice (Yin, 2018).

3.6 Data Collection

Data for each company comes exclusively from public documentary sources, prioritised as

follows:
1. Primary financial and investor disclosures: annual reports, regulatory filings (SEC 424B4
for US firms), investor presentations, earnings-call transcripts

2. Customer-facing and media sources: press releases, company blogs, marketing materials,

media coverage

3. Engineering and technical disclosures: technical blogs, white papers, engineering talks,

tool documentation

4. Independent third-party coverage: analyst reports, academic papers, journalistic

investigation
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5. Vendor-authored sources: vendor-published case studies or vendor-conducted executive

interviews about the vendor's own customer

Each case draws on at least eight sources per case, spanning at least three of the four core types;
the realised range is 14 to 22 per case (Appendix B). Vendor-authored sources (5) may
supplement, but not substitute for, these core types: because the vendor has a commercial interest
in demonstrating its product's value, every figure drawn from them must be corroborated by at
least one core-type source, and uncorroborated claims are dropped. To make triangulation visible,

a per-company source inventory is provided in Appendix B for every case.

This study relies on secondary data in the form of publicly disclosed company documents. They
are primary as company disclosures, since they originate directly from the company, not through
intermediaries. However, in terms of research data they are secondary, because they were

produced for purposes other than this research. This is further addressed in §3.9.

Two clarifications on source quality:

e No Al-generated output is used as a data source. The most prominent vendor-authored
source in this thesis is OpenAl's published case study on Klarna's deployment of OpenAl
tools (OpenAl writing about its own customer). Consistent with the rule for type (5)
above, every figure drawn from it is triangulated against Klarna’s SEC filing (424B4). If a

claim cannot be corroborated from core-type sources, it is dropped.

e Vendor- and consultancy-commissioned ROI figures (e.g., Forrester Total Economic
Impact studies) are excluded from the case evidence base entirely — a stricter rule than for
descriptive vendor-authored content, since commissioned ROI studies are produced
specifically to quantify the vendor's value claim. Where relevant to the literature, they
appear in §2 as examples of what practitioners claim, never as evidence in §4. This

prevents vendor-biased figures from inflating the ROI picture.

3.7 Data Analysis

Each case is assessed against the three gates using a single diagnostic instrument (see also

Appendix A):
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e Gate 1 (Measurement capability / Dynamic Capabilities): Is the AI-CX tool’s performance

being tracked by the firm? Does the firm have the necessary infrastructure?

e Gate 2 (Attribution / Causal Identification): Can the value created by the tool be isolated
through a named method (data-driven attribution model, A/B test, holdout group, natural
experiment)? Or how do they attribute the effects to it? The absence of a named method is

itself a finding.

e Gate 3 (Financial translation / Hard-Soft ROI with Balanced Scorecard vocabulary): Does
the company disclose a defensible hard monetary figure about the tool, grounded in
measurement and attribution, or does the value remain as a soft proxy? The four BSC
perspectives (financial, customer, process, learning) classify which value dimensions are
reported and which are missing. Gate 3 is cleared only at Level 5 (a benefit netted against
investment cost) or Level 6 (a full ROI ratio); a Level 4 gross-benefit claim reaches the

gate but does not clear it (§2.4.4)

Each case is assigned a break-point diagnosis. This is the earliest gate at which the translation
fails. The decision rule here is the earliest failure. A Gate 3 ROI figure cannot be credited if Gate
2 attribution was never established. Based on the framework’s structure, attribution is expected to
be the point at which the translation most often becomes difficult to sustain from public evidence
alone. As a result, Gate 2 receives the most analytical space in every case. The cross-case

comparison in §4.8 examines whether this pattern holds across the six cases.

One decision rule applied in Gate 2 is stated here for transparency. The attribution gate requires a
disclosed method that tests the tool against real customer behaviour, for example, a live A/B test,
a holdout group, or a before-and-after comparison with a defined counterfactual involving actual
users. This means that offline evaluation is not sufficient to pass Gate 2, because it does not test
actual consumer behaviour; rather, it is used before the tool is deployed, which means that no

financial translation can be attributed to these tests.

A second decision rule concerns how competing attribution methods are weighed. Within Gate 2,
any disclosed method that tests the tool against real customer behaviour is treated as equivalent
for the purpose of passing the gate; Gate 2 is therefore applied as a binary lens — either a credible

causal method is disclosed, or it is not — rather than as a graded scale of causal strength.
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3.8 Trustworthiness
Following Yin (2018), quality is assessed against four case-study tests.

Construct validity: multiple sources per case (14-22, spanning at least 3 source types, Appendix
B), a documented chain of evidence from source to diagnosis preserved in Appendix A, and a

single coding instrument applied the same way across all six cases.

Internal validity: the earliest-failure decision rule and pattern-matching of each case against the
framework’s gate-by-gate criteria. Rival explanations are considered where the evidence allows

(for example, value may be present but undisclosed for competitive reasons).

External validity: analytical, not statistical, generalisation. Multiple observation points across six
cases, selected for analytical breadth rather than statistical representativeness, support
generalisation to theory, not to a population.The thesis makes claims about the mechanisms and

their typical failure points, not about how often any given failure mode occurs in the sector.

Reliability: a case-study protocol and per-company source database (Appendix B) that allow the
analysis to be retraced and independently verified. Both authors coded cases independently and
resolved disagreements by referring to the source documents. No formal intercoder-reliability

statistic was computed.

Note on deep cases: the Klarna and Zalando cases analyse framing divergence across audiences.
This is not source triangulation. When an engineering blog and an investor deck disagree, that
disagreement is not a problem to resolve: it is the finding. Standard cases use triangulation
(source agreement as a credibility check). Deep cases use cross-audience contrast. The two

approaches are kept distinct.

Across the six cases, the evidence base comprises primary and secondary documents. This is
sufficient for the interpretive and diagnostic conclusions drawn here, which are bound to

observed disclosure patterns and make no claim to statistical generalisation.

3.9 Limitations

Four key limitations are acknowledged. First, the public-disclosure-only design does not allow
for access to internal reasoning about measurement choices. Therefore, the analysis is bounded

by what firms choose to disclose rather than from what they actually do. The cross-audience
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framing addresses this, as varying disclosures to different audiences can reveal distinct aspects of

internal practice within the firm; however, this limitation is not fully resolved.

Second, the design is subject to publication bias, since firms have an incentive to disclose
successes and hide difficulties, which skews the available material towards positive narratives.
Cross-audience framing helps address this issue, since an engineering blog might reveal struggles
an investor report conceals. However, even third-party coverage is only partly independent of

company narratives.

Third, six cases support analytic generalisation, but not statistical generalisation. The findings

help illustrate mechanisms, not the frequency of each failure mode across the sector.

Fourth, the breakpoint diagnoses are interpretative judgments. The mitigation in §3.8
(prespecified decision rules, dual coding with source verification) helps reduce subjectivity but

cannot eliminate it entirely.

28



Chapter 4: Case Analysis and Cross-Case Synthesis

4.1 Chapter Overview

This chapter applies the three-gate diagnostic framework developed in §2.5 to six e-commerce
companies: Klarna, Zalando, eBay, ASOS, Wayfair, and Stitch Fix. A single company may
disclose that they use multiple distinct customer-facing Al tools; to address this, this thesis codes
each tool separately as a tool-case (§3.4). Tools qualified where a company publicly names how
the tool directly interacts with its customers in the shopping or service journey; internal-facing
systems and the firm’s own marketing automation are excluded and, where useful, drawn on only
as contrast. Applying that rule across the six companies resulted in 30 customer-facing tool-cases.
Sections 4.2 to 4.7 present each company, following an identical template: a brief context, an
overview of the tool-cases coding, a closer look at two tool-cases, and a short section on what
patterns emerged across the company’s tools. Section 4.8 then compares patterns across all six

companies and all thirty tool-cases.

It is important to acknowledge that the analysis works only with what companies have chosen to
disclose publicly. The three gates examine the public evidence base and not the firm’s internal
reality. Thus, when a tool is coded as failing at a gate, it does not mean that the tool fails in
operation, rather that it lacks the disclosed evidence that would let it pass the gate. Furthermore,
since companies vary in how much information they disclose and through which channels, this
thesis treats this as a difference in disclosure practice rather than an absence of evidence about

how tools perform.

Two factors are recorded for each tool-case. The first is the evidence breakpoint: this is the
earliest gate at which the public evidence gives out. In addition, the different gates are strictly
sequential, meaning that a tool must clear the measurement gate before the attribution can be
assessed, and that a disclosed attribution method is required so that the financial-translation
evidence can be defended. What qualifies as such a method is defined in §3.7: a test against real
customer behaviour, such as a live A/B test or holdout group; offline evaluation alone is not
sufficient. The second factor is the claim evidence hierarchy: The hierarchy goes from narrative
claims (Level 1) to non-financial customer and operational metrics (Level 2 & 3), through to a

monetised gross benefit (Level 4), a gross benefit net of implementation cost (Level 5), to a full
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return or net-present-value calculation (Level 6). Where no effect was described at all, the case

was coded as Level 0. The following table summarises the levels:

Table 3: Gate 3 claim levels (0-6) and short labels

Level | Description Short label
Tool is described as in use, but no claim of any kind is made about its .
0 No claim
performance.
1 A benefit is asserted in prose with no accompanying metric. Narrative claim
2 A disclosed non-financial customer metric (e.g. satisfaction, engagement). Customer metric

A disclosed non-financial operational metric (e.g. response time, cost per
3 contact, or a relative percentage effect on a financial quantity that is not Operational metric
converted into an absolute monetary amount.

A disclosed monetised gross benefit (an absolute figure, not a bare

. . Gross benefit
percentage), with no reference to investment cost.

A disclosed net benefit: the monetised gross benefit, netted against disclosed

. Net benefit
mvestment cost.

6 A fully specified ROI ratio or net-present-value calculation. Full ROI/NPV

A tool may make a strong claim while its evidence breaks at a lower gate. That gap is part of
what this chapter examines: a value claim that goes beyond what the firm’s disclosed evidence
can justify. Breakpoint records where the evidence gives out; claim level records how far the
firm’s assertion reaches. The two can converge; and where a claim outruns its evidence, that gap

is itself a finding.

4.2 Klarna

4.2.1 Company context

Klarna was founded in Stockholm in 2005 and is a company known for its “buy-now, pay-later”
checkout financing. The company allows its customers to split or defer payments at many online
retailers. Klarna has grown into a broader shopping app that bundles payments with other features
such as price comparison, product discovery and customer service (Klarna Group plc, 2025). It is
a Sweden-based company that was listed publicly in September of 2025 (Doerer, 2025). The
public Al disclosures are concentrated in investor materials, executive statements and vendor
case studies and, selectively, in third-party technical commentary rather than the firm's own
engineering channel. The case is meaningful because Klarna’s disclosures give the sample’s

clearest example of a company that communicates its Al initiatives through headline financial
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figures rather than technical measurement. Two customer-facing tools were identified in the data
gathering — as the cross-case comparison in §4.8 will show, the lowest amounts of tools described
per company in the sample. This low count likely reflects Klarna's communication style rather
than its actual Al portfolio: the company presents its Al work through a small number of flagship

initiatives with headline figures, rather than describing individual tools in technical detail.

4.2.2 Tool-case overview

Table 4: Klarna - tool-case overview

Tool ID Function Gate 1 | Gate2 | Gate 3 (claim level) Breakpoint
KLA-T1 Al customer-service assistant v X Level 4 (Gross Benefit) Gate 2
KLA-T2 = Al shopping assistant X X Level 1 (Narrative Claim) Gate 1

4.2.3 Deep-dive tool-cases

Customer-service assistant - KLA-T1

Klarna’s Al customer-service assistant is a conversational agent built on OpenAl’s language
models that was integrated into the Klarna app and web chat (Klarna, 2024a). The chatbot is able
to handle routine, high-volume service contacts, which typically include return and refund status,
payment and invoice queries, payment plan changes, account questions and disputes and is able
to do this across the company’s markets and in a wide range of languages, only routing the chat to
a human agent when a chat falls outside the scope of the tool (Klarna, 2024a). The public
disclosures report a monetised claim: within the first month of the assistant’s launch, the assistant
was reported to be doing the equivalent work of 700 full-time agents, handling two-thirds of
Klarna’s customer-service chats, cutting the average resolution time from eleven minutes to under
two, and reportedly driving an estimated 40 million US dollars profit improvement in 2024
(OpenAl, 2024; Orosz, 2024; Klarna, 2024a). By late 2025, the figures were restated upward to
the Al tool doing the work of 853 agents and driving 60 million US dollars in savings (Doerer,
2025). When examining the evidence hierarchy, the claims reach Gate 3 Level 4 with a monetised
gross benefit. However, using the three-gate framework sequentially, one can note that the chain
breaks a gate earlier, at the Attribution and Causal Identification Gate: the monetary benefit claim

figures were asserted through vendor, press, earnings calls and a prospectus of the company’s
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IPO, but none disclosed a method such as A/B testing, holdouts or a before-and-after design (with
a defined counterfactual) isolating the firm’s contribution from the other changes to Klarna’s cost
base over the same period of time (OpenAl, 2024; Doerer, 2025; Klarna Group plc, 2025).
Because the figure recurs across these independent sources rather than resting on the vendor case
study alone, it satisfies the corroboration rule for vendor-authored sources set out in §3.6. What
these sources share, however, is the figure itself. But in none of the sources a disclosed attribution
method could be found, which is the reason the tool still breaks at Gate 2. There was also no
direct mentioning of “x service agents were made redundant as the Al customer service assistant

took on their work”.

The tool is measured, as assured by the Gate 1 pass-through volume and resolution time tracking,
and monetised, though the causal link between the two was never shown/demonstrated. As will
become apparent when looking at all the case studies in this thesis, KLA-T1 is shown to be the
sample’s purest example of a hard monetary claim resting with no publicised attribution beneath
it.

Shopping assistant - KLA-T2

Klarna’s consumer-facing shopping assistant is a conversational product-discovery feature rather
than a service tool. The tool began as a ChatGPT plugin that allowed consumers to describe an
item they wanted to purchase in natural language, and the plugin would leave recommendations
and links (OpenAl, 2024). The assistant was later adapted to include additional shopping
capabilities built into the Klarna app, including guided discovery and more personalised
recommendations (Klarna, 2024b). The tool breaks at the first gate, primarily because the feature
was announced in narrative product language with no disclosed tracking metric, no real

performance tracking metrics, and no evidence that appeared in the public record.

4.2.4 Company pattern

Only two tools could be observed in the Klarna public sources used for this thesis, thus it is hard
to state a clear pattern. However, it can be observed that one tool has a strong claim of a financial
result (but lacks evidence of correct attribution), while the other is only introduced as being in
action, with no evidence (yet) of measurement, let alone attribution or financial benefit claims.

As the company does not publish engineering blogs, it is maybe not a surprise that no focus in the
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publicly available data is put on attribution and causal identification (as the more technical
engineering publications tend to give evidence on attribution or causal identification, as is evident
in some of the following cases). Instead one can observe at Klarna a strong financial rhetoric with

no evidential support given beneath it.

4.3 Zalando
4.3.1 Company Context

Zalando is a Berlin-based online fashion platform serving over 60 million customers across
twenty-five European markets (Zalando SE, 2026a). The company maintains an active
engineering blog and a peer-reviewed publication record alongside its investor reporting.
Furthermore, it is one of the four firms within this sample with a tool that passes the Attribution
Gate (Gate 2). Zalando discloses more measurement and named attribution methods than most
firms in the sample, yet it still stops short of providing a financial figure attributed to a specific

tool. For Zalando, six customer-facing tool-cases were identified.

4.3.2 Tool-case overview

Table 5: Zalando - tool-case overview

Tool ID Function Gate 1 | Gate 2 | Gate 3 (claim level) Breakpoint
ZAL-T1 Zalando Assistant v X Level 0 (No Claim) Gate 2
ZAL-T2 Size & fit recommendation v X Level 3 (Operational Metric) Gate 2
ZAL-T3 Trend Spotter X X Level 0 (No Claim) Gate 1
ZAL-T4 Al powered discovery feed v X Level 0 (No Claim) Gate 2
ZAL-TS5 Personalised search & ranking v v Level 3 (Operational Metric) Gate 3
ZAL-T6 Virtual try-on X X Level 0 (No Claim) Gate 1

4.3.3 Deep-dive selected tool-cases

Personalised search & ranking - ZAL-T5

Zalando’s recommendation and ranking engine is one of the four tools in the entire sample that
disclosed an attribution method and thus passed Gate 2. The evidence is unusually detailed for an
investor-facing disclosure: a reported 13 per cent increase in items added to the bag. The

corresponding footnote to this claim revealed that this was “based on large-scale A/B tests, rolled
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out globally throughout 2025 (Zalando SE, 2026a; 2026b). Because the company disclosed the
attribution method, a named outcome and a defined scope allowed this tool to pass through Gate
2. Interestingly, the tool has a documented precedent: an earlier generation of the same ranking
approach was reported in a 2017 peer-reviewed paper showing that the company was running
live, multi-country A/B tests of a learning-to-rank (L2R) system against its legacy collaborative
filtering system. The tests showed that the L2R system performed better, with click-through
uplifts ranging from 15.2 to 37.8 per cent across five countries (Freno, 2017). While this was one
of the tools with the most disclosed evidence, when it comes to the financial translation at Gate 3,
it stops at merely disclosing the improvement as an operational metric (Level 3). The 13 per cent
figure is a relative customer engagement metric, showing items added to basket rather than
revenue realised through the implementation of the tool. In the same documents, the disclosed
EBIT figure of 591 million euros is attributed to strategy execution and the ABOUT YOU
acquisition, not to a specific Al tool (Zalando SE, 2026a). Zalando’s recommendation and

ranking engine shows that attributing value to specific tools is necessary, but not sufficient.
Virtual Try-on - ZAL-T6

This is Zalando’s newest visual feature. It allows customers to try on products they want to buy
virtually before making a purchase. The tool was built on the DeepAR capability acquired in
April 2025 (Zalando SE, 2025). The tool itself breaks at Gate 1: the tool is confirmed as being
deployed, but up until this point the company has not disclosed any tracking metric, and the only
evidence of this tool can be found in launch references or through a journalist’s description of its

purpose as “helping shoppers choose the right size, reducing returns” (Ergenay & Reid, 2026).

4.3.4 Company pattern

Zalando’s six tool-cases show how tool maturity affects the framework. The newest generative
and visual features tools (Trend Spotter, virtual try-on) fail at the measurement gate, due to there
being insufficient evidence being disclosed surrounding them. The established ranking engine is
the only tool to clear the attribution gate, but stops short of having a concrete monetary benefit
attached to it. However, Zalando shows that it has the internal capability to go further along the
three gates; the company states that pricing impact “has to be measured via A/B testing” (Zalando
SE, 2023), clearly showing that Zalando recognises the importance of correct attribution/causal
identification before making monetary benefit claims.
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4.4 eBay
4.4.1 Company Context

eBay is one of the oldest online marketplaces, connecting third-party buyers and sellers in auction
and fixed price formats across almost every product category. It is a global two-sided marketplace
with roughly 135 million active buyers and gross merchandise volume (GMYV, sales generated
through its platform) approaching 80 billion US dollars (eBay Inc., 2025a). The company
publishes its own engineering research alongside SEC filings and consumer announcements. The
analysis examines customer-experience tools on both sides of the marketplace: buyers and sellers.

For eBay, five tool-cases were identified.

4.4.2 Tool-case overview

Table 6: eBay - tool-case overview

Tool ID Function Gate 1 | Gate2 | Gate 3 (claim level) Breakpoint
EBA-T1 Personalised recommendations | v/ v Level 3 (Operational Metric) Gate 3
EBA-T2 Personalised search ranking v X Level 0 (No Claim) Gate 2
EBA-T3 Visual search v X Level 2 (Customer Metric) Gate 2
EBA-T4 dGlgggrvfr‘;e CH == X Level 0 (No Claim) Gate 2
EBA-T5 Al seller listing flow v X Level 3 (Operational Metric) Gate 2

4.4.3 Deep-dive selected tool-cases

Personalised Recommendations - EBA-T1

eBay’s recommendation system is the tool responsible for showing you products in the “similar”
and “you may also like” placements on item and homepage views. The most recent extension was
CoActionGraphRec, a graph-neural-network model that captures co-actions between items,
co-action meaning the pattern of items viewed, watched, and bought together to produce
sequential, multi-interest recommendations rather than single-item lookalikes. The model was
validated in a 14-day online A/B test against the legacy production system. The tests resulted in
an increase of 1.82 per cent in clicks, 2.16 per cent in purchases, and 3.59 per cent in revenue

(Sun & Brovman, 2024). The company data discloses a named attribution method, a defined
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counterfactual, and a specific customer outcome measured in real time, exactly what Gate 2
requires. But the chain stops inside the experiment. The 3.59 per cent revenue effect is a relative
within-test figure (Gate 3 Level 3) and is never compared against the cost of building and running
the model. eBay’s personalised recommendation system illustrates that strong experimental
rigour does not necessarily produce a completed financial claim, because the cost side of the
equation is structurally absent from engineering channel disclosures; also it is never discussed if
the same findings on increased revenues applies outside the test setting on a broader scale

(eBay-wide) afterwards.
Generative & agentic discovery - EBA-T4

eBay’s newest customer-facing layer consists of three related features: Shop the Look, which was
launched in April 2024, which curates shoppable outfit carousels from customer browsing and
purchase history (Perez, 2024); a conversational Al shopping agent released in 2025; and a
participation in OpenAl’s Operator research preview, an agentic-browsing experiment in which
an Al agent completes shopping tasks for the user (eBay Inc., 2025b). The data shows that these
tools are deployed and instrumented; however, the attribution methodology is missing from the
disclosed data. eBay’s own communications promise agentic Al that will “supercharge
personalized ecommerce” using “decades of customer insights” while disclosing no outcome and

no method (eBay Inc., 2025b).

4.4.4 Company pattern

eBay shows the strongest measurement transparency in the sample. All five tool-cases clear Gate
1, but four out of the five break at Gate 2. Only the mature recommender tool clears the
attribution and causal identification gate, but stops short of disclosing a netted return. The other
tool (EBA-TS) claiming a non-monetary benefit does not clear the attribution gate. The main
finding is not that eBay cannot attribute (it for example applies controlled customer tests to a
backend tool and reports about this (Sun & Brovman, 2024)), but rather that it chooses to be
careful to not wrongly make strong financial claims on customer-facing flagships Al tools,
possibly recognising the difficulty to clearly attribute the tools’ effects to hard financial

outcomes.
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4.5 ASOS

4.5.1 Company Context

ASOS is a UK-listed online fashion retailer with around 17 million active customers (ASOS plc,
2025a). The company presents its Al implementations mostly within an investor narrative. Its
disclosures are divided by audiences: there is a notable financial framing on the investor side, a
dated engineering record, and its richest current detail in vendor and consultancy channels, which
this thesis treats with reasonable caution, as outlined in §3.6. For ASOS, five customer-facing

tool-cases were identified.

4.5.2 Tool-case overview

Table 7: ASOS - tool-case overview

Tool ID Function Gate1l | Gate2 | Gate 3 (claim level) Breakpoint

Aso-T1 | AlStlist (conversational X X Level 0 (No Claim) Gate 1
discovery)

ASO-T2 Styled For You v X Level 2 (Customer Metric) Gate 2

ASO-T3 Virtual try-on X X Level 0 (No Claim) Gate 1

Ao | Sl AT iy v X Level 3 (Operational Metric) Gate 2
service)

ASO-T5 Recommendation system v X Level 0 (No Claim) Gate 2

4.5.3 Deep-dive selected tool-cases

Styled For You - ASO-T2

Styled For You is ASOS’ outfit-personalisation tool, which was trained on more than 100,000
stylist-curated outfits (ASOS plc, 2025a). ASOS disclosed that the tool has demonstrated
improved engagement and conversion metrics (ASOS plc, 2025b), which suggests that the
company is tracking the tool’s effect internally, but they do not attach a value or a method to this
improvement. Thus, it is a clean Gate 2 failure. The tool’s engineering lineage runs back to
GORDN, a predecessor outfit recommendation model, whose 2019 A/B test showed that
customers approved of its outfits 21 to 34 per cent more than outfits curated by the baseline

model. (Bettaney et al., 2019). The issue is that this evidence comes from a seven-year-old

37



preference test on a different tool with a similar function: recommending personalised outfits to
customers. Furthermore, it measures approval rather than customer purchasing behaviour. As a

result, the tool failed at Gate 2.
Al Assistant (customer service) - ASO-T4

In contrast to the first tool one can observe ASOS’s customer-service assistant. The company
disclosed that the tool is actively being used in customer service. Furthermore, across 1.5 million
conversations, it reports positive feedback above 85 per cent (against roughly 50 per cent in the
legacy experience) and that the cost per customer contact fell by more than 90 per cent (ASOS
plc, 2026). While the company clearly shows how the tool helped it, it does not disclose the
underlying methodology for this claim. Additionally, metrics are operational efficiency measures,
and no clear monetary value was disclosed, and no effect on potential customer revenue
outcomes is stated. ASOS’s customer-service assistant case shows that disclosing the underlying
methodology behind certain claims is not always a priority for companies, especially so if no

hard monetary benefit is claimed.

4.5.4 Company pattern

Across ASOS’s five tools, none pass Gate 2. Its Al Stylist and virtual try-on tool fail due to
insufficient evidence that shows the company is tracking these tools; thus, they fail at Gate 1.
Their personalisations and service tools clear Gate 1 but — while claiming some soft benefits —
never disclose the underlying attribution methodology. Furthermore, the sources that appear to
validate ASOS’S claims are largely the company’s own voice inside consultancy and vendor
wrappers, such as McKinsey’s interview with ASOS’s CTO (McKinsey, 2026) and a
Microsoft-authored ASOS CEO interview (Wall, 2026). Hard monetary numbers are disclosed
throughout the data analysed in this thesis; however, these are mostly at the firm level or not
linked to the use of Al tools, such as the markdown-pricing system validated by a controlled test
(Loh et al., 2022). In cases where the company discloses information about its customer-facing
Al tools, the numbers are hedged, aggregated, or asserted without a disclosed method. However,
it should be noted that ASOS does disclose an active “test and learn” experimentation engine
running more experiments than in the prior year (ASOS plc, 2026), suggesting that the absence of
a single disclosed customer-test result for any CX tool is a disclosure choice rather than a
capability limit.

38



4.6 Wayfair

4.6.1 Company context

Wayfair is one of the biggest online-only retailers of furniture and home goods, operating out of
the USA but also active in numerous countries in Europe. The stock-listed company operates an
asset-light “dropship” model that lists millions of items from a large supplier base, shipping most
items directly from the supplier to the customer rather than maintaining an inventory base. The
Al disclosures mainly consist of press releases, engineering blogs and earnings-call commentary
relayed through analysts, along with some commentary from the Chief Technology Officer, Fiona
Tan, while the regulated filings named AI mostly in the context of risk factors (Wayfair Inc.,
2025). Its inclusion in this thesis was due to Wayfair establishing a multi-year Al programme, but
having a primarily consumer-and-investor-facing disclosure style. Five customer-facing

tool-cases were identified.

4.6.2 Tool-case overview

Table 8: Wayfair - tool-case overview

Tool ID Function Gate1l | Gate2 | Gate 3 (claim level) Breakpoint

WAY-T1 Muse X X Level 0 (No Claim) Gate 1

TN || LS ! v X Level 1 (Narrative Claim) Gate 2
carousels

WAY-T3 LLM & visual search X X Level 0 (No Claim) Gate 1

WAY-T4 Al Ass1stant & v X Level 3 (Operational Metric) Gate 2
designer-quality recs

WAY-Ts | Wayfair’s first Virtual v v Level 1 (Narrative Claim) Gate 3

Assistant

4.6.3 Deep-dive selected tool-cases

Autonomous customer service agents (virtual assistant) — WAY-TS

Wayfair’s first Virtual Assistant is an NLP-powered customer-service chatbot that lets customers
resolve service issues, such as returns, order tracking, delivery and replacement queries, through

a conversational self-service interface that is available 24 hours a day, with the tool able to
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automate some contacts outright and shorten others before they reach a human agent (West,
2022). This tool is the only tool in the Wayfair case to clear the attribution and causal
identification gate. The measurement apparatus is very deep for a first-generation tool, as the
team at Wayfair built an 11-category, 70-sub-category taxonomy while labelling an estimated
200,000 customer chats with three labellers each (around 85% inter-labeller agreement) (West,
2022). It also had a fine-tuned language model test accuracy and response time between
live-agent chat and bot conversation (West, 2022). The first gate was passed with rigour. The tool
clears the attribution and causal identification stage as the framework demands, as it states, “after
achieving sufficient accuracy on our hold-out test set, we launched an A/B test of the Virtual
Assistant” to measure customer engagement and the share of contacts it could automate (West,
2022). This is a named counterfactual design (that also eBay and Zalando have similarly
disclosed in their ranking engine tools), substantiating the Gate 2 pass. The chain breaks at Gate 3
as the A/B test was reported with no engagement figure, automation rate or monetary outcome
published; therefore, the case does not rise above level 1 of Gate 3. The Wayfair tool with real
experimentation behind it shows no real monetary number on the experiment held. The later
agent-facing copilots, Agent Co-Pilot and its successor Wilma, assist human service agents rather
than customers directly and therefore are used only for context on the firm’s service Al trajectory,

as they are not customer-facing tool-cases (West, 2022).
Muse —-WAY-T1

Muse is Wayfair’s flagship generative tool, which was launched in February 2025 as a visual
inspiration engine that generates photorealistic room imagery to inspire customers looking to
furnish their homes and link them to comparable products as filed in the 10-K (Wayfair Inc.,
2025; Wayfair Investor Relations, 2025). The tool breaks at Gate 1: in both the press release and
the filing, the confirmation of deployment is there, but there is no disclosure of engagement,
conversion, or usage metrics. The most prominent customer-facing figure that Wayfair claims—
customers shown its designer-quality recommendations are “33% more likely to add to cart or
purchase” (WAY-T4) — is sat behind an unresolved attribution gate with no test design and

self-selection addressed from the earnings call (Dignan, 2025).
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4.6.4 Company pattern

Wayfair’s five tool-cases span through the three gates. Its generative discovery tools (WAY-T1
and WAY-T3) fail measurement; WAY-T2 and WAY-T4 clear Gate 1 but do not disclose a named
method, so consequently they break at the attribution and causal identification gate. WAY-T5
clears the attribution and causal identification stage as it disclosed the live A/B test but stops at
Gate 3 with no outcome figures disclosed. The case is notable as there is a sharp distinction
between the most-marketed tool and the best-evidenced tool. The Virtual Assistant uses genuine
experimentation but publishes no result, while Muse is heavily promoted by Wayfair but
discloses nothing measurable, showing how evidence depth runs opposite to marketing

prominence.

4.7 Stitch Fix

4.7.1 Company context

Stitch Fix is a personal-styling service listed in the US (Nasdaq:SFIX) that sends customers
curated boxes (“Fixes”) of clothing that are selected using a combination of human stylists and
recommendation algorithms (Stitch Fix, Inc., 2022 ). Customers can keep what they want, and the
rest can easily be returned. The company also offers another feature called “Freestyle”, a
storefront where customers can buy individually recommended items of clothing (Stitch Fix, Inc.,
2022). Unlike conventional e-commerce, where personalisation enhances an existing storefront,
personalisation is Stitch Fix's core product: customers pay precisely for the algorithmic selection
itself (Morris, 2022). The company case is predicted to be one of the most promising to test for a
completed chain, as according to its SEC filings the company describes itself as Al-driven. Thus
it comes to no surprise that seven customer-facing tools were identified, the densest count within

this thesis’ sample.
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4.7.2 Tool-case overview

Table 9: Stitch Fix - tool-case overview

Tool ID Function Gate 1 | Gate 2 | Gate 3 (claim level) Breakpoint
STF-T1 Core recommendation engine v v Level 0 (No Claim) Gate 3
STF-T2 Stylist-augmentation Al v X Level 3 (Operational Metric) Gate 2
STF-T3 igzgr?:r(:gl;z‘;[?éi v X Level 3 (Operational Metric) Gate 2
STF-T4 Personalised search X X Level 0 (No Claim) Gate 1
STF-T5 GenAl product descriptions v X Level 2 (Customer Metric) Gate 2
STF-T6 Stitch Fix Vision X X Level 0 (No Claim) Gate 1
STF-T7 Al Style Assistant v X Level 3 (Operational Metric) Gate 2

4.7.3 Deep-dive selected tool-cases

Generative product descriptions —STF-T5

This tool is described as a fine-tuned language model that writes the product descriptions shown
on the Freestyle storefront, operating under an expert-in-the-loop process in which stylists curate
the training data and quality-check the generated copy. The tool clears measurement due to the
firm’s controlled evaluation: in a blind evaluation, the Al-generated descriptions achieved
“higher quality scores” than human-written descriptions (Duan, 2023). The problem with this
evaluation is that it is an offline evaluation that has no real customer exposure. The model
produced a copy of descriptions that the raters prefer rather than what customers at the storefront
would. A related program reports that stylist-generated training data produced “a lift to observed
Freestyle customer metrics, including revenue”, but the revenue lift was stated without a
monetary value and had only disclosed a 14% gain on an internal quality measure (Gardiol,
2022). The named offline evaluation is good but not to the standard set by the gate, as it does not

set a live counterfactual, which keeps it at a Gate 2 break.
Stitch Fix Vision — STF-T6

Stitch Fix Vision is the company’s generative flagship tool: a style-visualisation tool that had its
beta launch in October of 2025 (Stitch Fix, 2025). The tool generates imagery of outfits and looks
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tailored to a client’s fit and style profile, against a backdrop of “billions of data points” on client
preferences (Stitch Fix, 2025). This is a language that describes the scale of the input rather than
any measured output. This is precisely where the tool breaks at Gate 1: across the beta
announcement and the accompanying filings, deployment is confirmed, but no tool-specific
tracking metric is disclosed. No adoption, engagement, conversion or retention figure is attached

to Vision itself.

The gap is notable because Stitch Fix is otherwise a data-native firm that instruments its older
recommendation systems in considerable detail; the contrast indicates that the missing evidence

here is a matter of disclosure maturity rather than of capability.

4.7.4 Company pattern

Stitch Fix’s seven tool-cases are spread across the three gates. The recommendation core
(STF-T1) clears the attribution and causal identification gate through the multi-armed bandit
experiment, though no outcome figure for the tool is disclosed; the generative-description tool
(STF-TS), stylist augmentation Al (STF-T2), inventory-aware system (STF-T3) and AI style
assistant (STF-T7) clear the measurement gate but break at the attribution and causal
identification gate. A distinctive pattern runs through the case: the capability now branded “Al”
was described for a decade as “data science”, entering the 10-K filings only from FY2024 (Stitch
Fix, Inc., 2022; 2025), with the branding moving with the market whilst the disclosed
measurement method not holding true. The company being data-native forces the Al into the

investor narrative, but in turn it does not, on this evidence, force attribution.

4.8 Cross-Case Synthesis

This section reads the thirty tool-cases together rather than company by company. Figure 2
consolidates their gate-by-gate status across the six companies; the remainder of the section

draws out the patterns it reveals.
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Figure 2: Gate-by-gate status of all 30 tool-cases
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4.8.1 Breakpoint distribution

The most apparent pattern when observing the breakpoints of all thirty tool-cases is that they

concentrate at Gate 2 attribution.

Table 10: Breakpoint distribution across all 30 tool-cases

Breakpoint Number of tool-cases Share
Gate 1 - Measurement 9 30%
Gate 2 - Attribution 17 57%
Gate 3 - Financial translation (reached, not cleared) 4 13%
Fully clears Gate 3 (Level 5 or 6) 0 0%

This thesis found that no tool-case in any of the six companies reaches a disclosed netted
financial return. Four of the thirty tools within this sample reach Gate 3, meaning that they clear
both measurement and attribution, but every single one of them falls short of disclosing a

financial outcome figure.

This is especially noteworthy, as the six companies used as case studies in this thesis were
selected from the disclosure-rich end of the market: stock-listed firms with active engineering
blogs, peer-reviewed publications, and detailed investor communications. If a demonstrated
financial return on customer-facing Al were being published anywhere, it would most likely be

published in such a subsector of companies.

The rest of the distribution illustrates where the disclosed evidence falls short; more than half of

all tool-cases break down at attribution, and just under a third never disclose measurement at all.

The four Gate 3 tools show the outer limit of what the sample discloses. The tools are Zalando’s
ranking engine tool (a relative 13 per cent add-to-cart uplift, Level 3; Zalando SE, 2026a), eBay’s
recommender tool (a within-experiment 3.59 per cent revenue effect, Level 3; Sun & Brovman,
2024), Wayfair’s first Virtual Assistant tool (an A/B-tested customer-service chatbot that
discloses no outcome figure, Level 1; West, 2022), and Stitch Fix’s core recommendation engine
tool, which clears the attribution and causal interpretation Gate 2 in its disclosed records but does
not attach any financial or outcome figure to the tool at all (Level 0). Each of the four tools clears
Gate 2, three of which clear it through live A/B tests (Zalando, eBay, Wayfair), and Stitch Fix’s

core recommendation engine through multi-armed bandit experimentation. Nonetheless, each
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stops short of translating its outcome into money, and two of them, Wayfair’s Virtual Assistant

and Stitch Fix’s core recommender, do not disclose any figure attributed to the tool at all.

A Level 4 monetised gross benefit is claimed exactly once in this thesis’ sample, by Klarna’s
customer service agent, but the company does not disclose the underlying attribution logic behind
that claim. This gap between the four tools with a disclosed attribution logic and the one
monetised tool suggests that the two groups sit on opposite sides of the framework, and that no
tool occupies both positions at once. The rest of this chapter aims to explain why this separation

is systematic rather than coincidental.

One objection these results invite is that the Gate 3 threshold was set too high for any public
disclosure to pass. This would make the finding that 0/30 cases pass Gate 3 a product of the
framework. However, this thesis argues that Level 5 and 6 is the minimum requirement necessary
to count as return on investment, because a gross benefit that is not set against its cost is
ultimately a revenue or savings claim, not a return. This means that the threshold does not exceed

what the firms themselves promise when they use the term.

Furthermore, the threshold is approachable, as seen in Klarna's customer-service assistant
reaching Level 4 with a monetised gross figure. Additionally, eBay's recommender and Zalando's
ranking engine disclose measured revenue effects that stop short of a monetised claim. The firms
travel most of the translation chain and stop at one identifiable point, the cost side. When the
whole sample approaches the same step and none clear it, that is a finding about where the chain
breaks, not evidence that the threshold was poorly set. Finally, the claim is bounded to the public
evidence record (§3.2). This thesis does not argue that no net return exists internally, only that

none is substantiated in the firm's public disclosures.

4.8.2 Testing the a priori expectation

Section 3.7 anticipated that attribution (Gate 2) would be the most common breakpoint, since
firms can measure a tool far more easily than they can causally isolate its effect from concurrent
factors. The breakpoint distribution confirms this expectation, with seventeen out of thirty
tool-cases breaking at Gate 2. These tools are proven to work, with the companies disclosing
offline metrics, engagement lifts, operational-efficiency metrics, or tracked usage; however, they

do not disclose any credible causal method (no live experiment, holdout, or before-and-after
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design) tying the tool to a business outcome. That the breakpoints cluster at one nameable step,
rather than spreading out evenly across the different Gates, suggests that the framework
discovered a genuine issue: measuring a tool and causally attributing its effect are distinct steps,

and firms that disclose the first often do not provide evidence regarding the second.

Attribution and causal identification (Gate 2) is the dominant breakpoint, but not the only one. In
the sample, nine of the thirty tools break earlier, at measurement (Gate 1). Interestingly, this
group is dominated by the newest generative and visual features. A Gate 1 break driven by tool
immaturity differs from one driven by measurement absence, as the former cause is likely to
resolve over time as the tool accumulates a disclosed evidence base, while the latter is a structural
disclosure gap. This pattern can also be observed across firms. At firms that have strong
engineering channels like eBay, Zalando and Stitch Fix, attribution is the dominant breakpoint,
due to the firms tracking their tools by default and the evidence being disclosed by default. At the
more consumer- and investor-facing firms like Klarna and Wayfair, newer tools are announced
before any measurement is disclosed, pushing more breaks back to Gate 1. So the prediction from
§3.7 1s dependent on whether the firm decides to measure a tool (or to disclose that

measurement).

4.8.3 Two explanatory patterns: analytical rigour vs. monetary benefit, and tool

maturity

The following two patterns can be observed from the sample.

The first pattern is that analytical rigour and disclosed monetary benefit in this thesis’ sample do
not appear in the same tool. Klarna’s assistant is the only tool that discloses a financial benefit
(Level 4), but it reveals no attribution method beneath the number. eBay’s seller listing tool
discloses a multi-billion-dollar gross merchandise value (GMV) figure, but that is the gross value
of listings created with the tool, rather than a monetised benefit for the company. The tools with a
credible attribution method disclose no monetary benefits, and the tool that discloses monetary
benefits has no credible method disclosed. This finding matters because it shows that Gate 2 is a
discriminating test rather than an impossible one: four tools in the sample do clear it, so the

seventeen that break there fail against a standard that is demonstrably attainable. The framework
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thus separates firms that disclose measurement and attribution infrastructure from firms that

publicise monetary claims without disclosing how these were measured or attributed.

The second pattern is a maturity gradient. Every tool that reaches Gate 3 is an established
engineering-documented tool with a named method: three mature ranking and recommendation
engines (Zalando, eBay, Stitch Fix), and a first-generation service chatbot (Wayfair). In
comparison, every generative or visual flagship tool launched in the 2024 to 2026 window
(Muse, Stitch Fix Vision, virtual try-on, the conversational assistants) is located at or near a Gate
1 break. This suggests that the evidence depth is closely related to tool age and engineering
documentation, not customer visibility or marketing prominence. The reason for this is that newer
tools have not yet accumulated the disclosed evidence base that older systems build across

several iterations.

Adding to the maturity observation is that the newer tools are also generative or visual Al tools,
and as such are arguably harder to track and measure. This indicates that tool age and type move

together and cannot be fully separated based on the observational data from this sample.

The two patterns can be observed within the individual firms. eBay runs and publishes a
controlled A/B test for its mature recommender (Sun & Brovman, 2024), yet announces with
strong marketing language its agentic-discovery flagship tool but no further evidence of
measurement or attribution (eBay Inc., 2025b). The same applies to Zalando, which discloses
large-scale A/B tests for its ranking engine (Zalando SE, 2026a), but does not disclose any
evidence for the virtual try-on it acquired in 2025 (Zalando SE, 2025). Stitch Fix runs a named
blind evaluation for its generative description tool (Duan, 2023) but launches Stitch Fix Vision on
“billions of data points” and no metric (Stitch Fix., 2025b). This within-firm comparison rules out
the most obvious alternative explanation: that some firms simply disclose more than others and

shows that the missing financial-translation is structural.

4.8.4 Cost-side and revenue-side claims

A further pattern emerges when examining the nature of the metric disclosed by the tools, as
opposed to merely the strength of the evidence. The service-oriented tools in the sample
predominantly disclose cost-side operational metrics: Klarna's assistant is characterised by its

alignment with agent-equivalent workload and resolution time. ASOS has reported a reduction of
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more than 90 per cent in cost per contact, and Wayfair's Virtual Assistant has been evaluated in
terms of contact automation. Conversely, the tools designed for discovery and recommendation
predominantly reveal engagement and conversion metrics. In instances where revenue is
observed, it is typically expressed as a relative figure within the experimental context, such as

eBay's 3.59 per cent revenue increase or Zalando's 13 per cent add-to-cart uplift.

This finding aligns with the findings from the measurement literature reviewed in §2.2.2, which
indicates that the cost savings derived from automation can be directly observed within the firm's
cost base. In contrast, the revenue uplift resulting from Al-enabled experiences is distributed
across multiple touchpoints and influenced by external market dynamics (Kohli & Grover, 2008;
Pettersson et al., 2025). Within the limits of this thesis’ six disclosure-based cases, the sample
thus mirrors the asymmetry predicted by the literature: the side of the profit-and-loss statement a
tool touches appears to shape how far its disclosed evidence can travel along the translation

chain.

4.8.5 Ruling out the confidentiality explanation

Comparing a tool’s disclosed evidence against its company’s reported financial results shows that
the two rarely line up: wherever a company discloses hard financial outcomes, Al is not the

named cause. This comparison addresses the most serious objection to the central findings.

The objection runs as follows: no firm discloses a netted return because such figures are
commercially sensitive, so not finding such figures reflects the confidentiality of the firms rather
than any gap in the evidence. The disclosure pattern speaks against this. These firms are not
reluctant to quantify Al performance, since they publish engagement lifts, handle-time
reductions, quality-score gains, adoption rates, and, at Klarna, a headline dollar figure, often in
the same investor materials where a net return would sit. However, what they consistently do not
disclose is the one specific link that would connect a disclosed operational gain to a cost-netted
financial outcome. A firm willing to publicise a 13 per cent add-to-cart uplift or a 40 million
dollar profit improvement is disclosing precisely those figures that flatter it, stopping exactly
where verification would begin. This is selective openness, which is a different phenomenon
from confidentiality. It is also worth noting that in at least one case in this sample, the claimed

figures were later restated upward, from the equivalent of 700 agents and 40 million dollars to

49



853 agents and 60 million dollars (Doerer, 2025) - without any accompanying methodology being

disclosed at either point: the claims moved, while the evidence base beneath them did not.

Whether firms are withholding a net return for confidentiality reasons, or whether no such return
was ever established internally, the descriptive finding stands: the public evidence base cannot

substantiate the financial claims made for customer-facing Al.

The same divergence appears when examining this from the opposite direction. At every firm in
the sample that disclosed a hard financial outcome, that outcome was attributed to something
other than Al. Zalando’s adjusted EBIT of 591 million euros is attributed in the same documents
to strategy execution and the ABOUT YOU acquisition (Zalando SE, 2026a). ASOS credits its
turnaround to cost discipline and supply-chain and returns changes (ASOS plc, 2025a; 2026a).
Stitch Fix attributes record net revenue per active client to higher average order values and items
kept per Fix (Stitch Fix, 2025). At Wayfair, both an outside analyst (Todd & Gargan, 2025) and
the company’s own executives (Wassel, 2026; Ruth, 2026) assign a roughly 35 per cent EBITDA
improvement and a reduced net loss to the marketplace model, loyalty programme, and
marketing, with the CTO stating that the net-loss reduction was “not attributed to the use of AL.”
Wherever real monetary benefits are disclosed, the companies themselves do not name their Al

tools as the main cause.

4.8.6 Disclosure asymmetry and the tool-level unit of analysis

The number of tool-cases per company ranges from two (Klarna) to seven (Stitch Fix). This
variation is read as a difference in disclosure practice. Where a firm maintains an active
engineering blog (eBay, Zalando, Stitch Fix), its tools clear Gates 1 and 2 on detailed offline
metrics and named methods, and so did Wayfair’s Virtual Assistant. Investor and press channels
invert the shape, as can be seen by Klarna claiming 40 million in cost savings without disclosing
how they got that figure and Wayfair, whose own filings name Al largely as a risk factor (Wayfair
Inc., 2025). Wayfair appears on both sides, which exemplifies the point that evidence depth tracks

who wrote the disclosure and not the firm or how loudly the tool is marketed.

This is why the analysis codes tools, not companies. A company-level analysis would
misrepresent the actual analysis and flatter the loudest communicator and average away the

within-firm spread that in itself is a finding: every multi-tool company spans at least two gates,
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and Zalando, Stitch Fix and Wayfair span all three. Furthermore, the firms that disclose most are
overrepresented among the thirty tool-cases in the sample, giving them the most chances to reach

a financial return, yet none actually clear Gate 3.

4.8.7 Reported value dimensions

Classifying the disclosed metrics using the Balanced Scorecard vocabulary introduced in §2.4.3
sharpens this picture. The metrics disclosed across the thirty tool-cases fall almost entirely into
the customer perspective (satisfaction, engagement, adoption) and the internal-process
perspective (resolution time, cost per contact, automation share). The financial perspective is
nearly empty, populated only by Klarna's unattributed dollar claim and two relative,
within-experiment revenue figures. The learning-and-growth perspective does not appear as a
reported value dimension at all, even though Al tools characteristically accumulate value there in
the form of training data, model improvements and organisational learning. The absence of the
learning dimension is itself informative: the value dimension in which AI-CX tools arguably
compound most is the one no firm in this sample chooses, or manages, to report. Within the
constraints of this sample, the Balanced Scorecard classification thus confirms what the gate
analysis showed from a different angle: firms report the dimensions that are easiest to measure,

not the ones where a completed financial translation would be demonstrated.

Viewed through the Hard/Soft ROI lens (§2.4.4), the same picture appears in its simplest form.
The vast majority of disclosed benefits, twenty-nine of the thirty tool-cases, are soft in nature,
meaning experiential, behavioural or operational. Hard monetised evidence appears exactly once,
in Klarna's unattributed dollar claim. Two further cases (eBay's 3.59 per cent revenue effect and
Zalando's 13 per cent add-to-cart uplift) come closest to the boundary, but remain relative,
within-experiment figures rather than monetised outcomes. The two lenses are consistent with
each other. The customer- and process-heavy Balanced Scorecard distribution provides the
detailed anatomy of what the Hard/Soft distinction summarises in one line. The translation from
soft to hard evidence is precisely the step that the disclosed record does not complete in this

thesis’ sample.
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All in all, the different parts of this synthesis describe one consistent pattern. Across the thirty
tool-cases, disclosed evidence thins out step by step along the translation chain: the newest tools
break at measurement itself, more than half break at attribution, and only four disclose a named
causal method. Not one tool-case in any of the six firms discloses a netted financial return, even
though the sample was drawn from the firms which one would expect to be well-equipped to
publish one, and the absence cannot be fully explained by confidentiality, since the same firms
readily publish the figures that flatter them. What is disclosed is shaped less by the tool's
prominence than by the channel that wrote the disclosure and by the side of the profit-and-loss
statement the tool touches, and it remains almost entirely soft in nature. The evidence runs out at
the financial translation, because where the evidence is rigorous it carries no monetary benefit

figure, and where a monetary benefit figure is claimed it rests on no rigorous method disclosed.
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Chapter 5: Discussion and Conclusion

5.1 Answering the research question

The thesis asks how e-commerce companies link Al-driven customer-experience tools to ROI in
their public disclosures, and where these linkages break down. The three-gate framework was
used to answer both parts of the question by treating each tool in the sample as a case to be tested
in the chain by clearing the three gates of measurement (Gate 1), attribution and causal
identification (Gate 2), and, lastly, financial translation (Gate 3), in sequence. Through this test,
the tool-cases were advanced through the chain through their claims and the earliest gate that the

evidence does not support was recorded as the break point.

The question is split into a descriptive aspect and a diagnostic. The descriptive answer is that the
six companies examined attempt linkage in a broadly consistent way, though almost never
complete it. Disclosure of measurement is common, as 21/30 cases clear the measurement gate,
partly because companies with engineering-driven cultures tend to build measurement in by
default. Named attribution / causal identification is much rarer, and a monetary outcome netted
against implementation cost is entirely absent from the sample. Across the 30 customer-facing
tool-cases in the six companies, none discloses a full financial return in the public disclosures.
Four tools reach Gate 3 (Zalando’s ranking engine, eBay’s recommender, Wayfair’s first Virtual
Assistant, and Stitch Fix’s core recommendation engine), and yet every one of them stops at an
operational or engagement figure, or at no disclosed outcome figure at all. The following funnel

illustrates these findings:
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Figure 3: Breakpoint distribution across the 30 tool-cases

30

enter

21
NGate 1

4

pass Gate 2

0

clear Gate 3

9 break (30%) 17 break (57%) 4 reach, 0 clear

Gate 1 - Measurement Gate 2 - Attribution Gate 3 - Financial translation
newer generative / visual tools outcome reported, no named method operational or no figure; never netted

The diagnostic aspect answer is that the breakpoint is not spread evenly along the chain. The
main area the breakpoints concentrate around is the attribution and causal identification gate, as
17/30 of the cases were at Gate 2, serving as the modal failure mode. Separately, the financial
translation stage forms a hard ceiling that no tool passes cleanly. The 9/30 tool-cases that break at
Gate 1 (measurement) are not random either, as they almost all consist of the newer generative
and visual tools. The wall that the analysis identifies is the financial translation, and its force
comes from the sample. The companies selected were from the disclosure-rich end of the market.
If a demonstrated financial return on customer-facing Al was within public disclosures online, it

would most likely be published here, and it is not.

Two findings, in particular, go further than the diagnostic framework can predict alone. The first
is that measurement rigour and disclosed monetary value never appear within the same tool-case.
The one tool where a hard monetary benefit is stated (Klarna’s customer service assistant) is a
tool that does not evidence any attribution and causal identification efforts. The four tools that
have a named method of attribution and causal identification are tools that show no hard
monetary financial figure reported as benefits. In other words, the one tool with a hard monetary
figure has no disclosed method, and the four tools with a disclosed method have no monetary
figure. Method and money never coincide in the same tool-case. This shows that the wall at

financial translation is selective rather than a blunt barrier that blocks every tool for the same
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reason. The second finding is that the same gap shows in the same companies’ accounts, not only
in their published tool claims. At every company that reports a real financial gain, the gain is
credited to other causes and not to the use of Al tools, from Zalando’s strategy execution and its
ABOUT YOU acquisition to Wayfair’s marketplace model where the company’s CTO, Fiona
Tan, explicitly stated that the reduced net loss was “not attributed to the use of AI”’ (Ruth, 2026).
Whether the chain is read from the individual tool claims or from the company's overall financial
accounts, it breaks at the same stage: the step from a demonstrated effect to a financial return

attributed to Al

5.2 Theoretical Implications

Four theoretical concepts underpin the diagnostic framework, and the results hold interpretations

for each of them.

The Dynamic Capabilities view (Teece, Pisano & Shuen, 1997; Kohli & Grover, 2008) is
confirmed in a deliberately narrowed role. The capability, within the concept, is the organisation’s
ability to sense, seize and track its outputs over time (Teece, 2007). The nine tool-cases that broke
at Gate 1 show that a company must disclose the sensing and measurement apparatus a tool needs
before any effect of that tool can be observed or assessed at all. The results also display the limit
for the lens as once the 21 remaining tools pass into Gate 2 and 3, Dynamic Capabilities ceases to
help explain the reasoning why the other tools have breakpoints spread across the attribution and
financial translation gates. The theory functions only as a Gate 1 precondition and a sort of
filtering device for the diagnostic framework, not as a predictor of chain depth, which stays
consistent with Teece’s (2006) point of value realisation turning on complementary organisational

conditions rather than on technology alone.

Attribution and causal identification is the section where the diagnostic framework’s central
prediction is tested, and the 17/30 Gate 2 breaks confirm the structural bottleneck. The results
also help refine the attribution literature the gate was built upon. Chapter 2 grounded Gate 2 in
multi-touch attribution, the distribution of credit across touchpoints through data-driven models
that demand integrated, consent-compliant data that many companies do not hold (Anderl et al.,

2016; -Miller & Skiera, 2023), set against the last-click logic that systematically misattributes
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value (Berman, 2018). The four tools that clear the attribution and causal identification gate do so
with single controlled experiments (A/B tests disclosed by Zalando, eBay and Wayfair) and a
quasi-experimental causal method (Stitch Fix’s core recommendation engine had multi-armed
bandit experimentation) rather than multi-touch attribution across a customer journey.
Broadening Gate 2 beyond multi-touch attribution to admit experimental methods was therefore
the correct design choice, as the binding constraint is a disclosed causal method of any kind, not
specific tracking apparatus multi-touch attribution requires. The 17 breaks at this gate are what
Kohli and Grover (2008) call the elusiveness of IT causality, seen in the sample as a disclosure
pattern where companies report the outcome but withhold the one link (causal method) that

would let a reader verify the claim.

The Balanced Scorecard was used primarily as a classification vocabulary check to classify
dimensions of value a company reports, but the sample shows the concept holds the sharpest
theoretical implication of the four concepts. The balanced scorecard assumes a causal chain
running from leading non-financial indicators into the financial perspective. The disclosed
evidence within the six cases populates the customer and the internal-process perspectives,
touches the financial perspective only once (Klarna's unattributed figure), and never reaches
learning-and-growth (Kaplan & Norton, 1996). The Balanced Scorecard assumes that
improvements in the non-financial perspectives feed through into the financial one. In the
disclosed record of this thesis’ sample, that link is asserted rather than demonstrated: firms report
the leading indicators and the eventual financial results separately, but never publicly connect the
two, despite the scale of investment these tools represent. This supports, with disclosure
evidence, the established finding of non-financial measures acting as leading indicators whose
conversion into financial performance is conditional and hard to isolate at firm level (Ittner &
Larcker, 1998; Liao et al., 2025; Mittal et al., 2023). The concept does not merely observe a gap;
it actually locates exactly where the assumed chain is left open, giving the abstract critique an

empirical address.

Chapter 2 is explicit that Hard and Soft ROI is a typology that classifies the sort of value a
company claims and not a theory with exploratory or predictive power (§2.4.4). The sample is
best read as a large-scale demonstration of translation difficulty that the typology employs.
AI-CX tools generate soft returns first, leading to indicators like engagement and satisfaction that

are not equivalent to hard financial returns (Phillips, 1997; Ittner & Larcker, 1998). The single
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most important result of the analysis is that this soft-to-hard translation is never completed across
any of the 30 tool-cases. Kohli and Grover (2008) describe exactly this step as structurally
elusive rather than a mere data problem, and the sample bears that out. Klarna’s customer service
assistant tool attaches a hard financial monetary value without disclosing attribution and causal
identification that might verify the financial benefit claim, whilst four attribution clearing tools
show the attributive causality yet claim no hard financial monetary figure as a benefit, and so the
demonstrated effect and disclosed monetary value sit on opposite ends of the sample. The split
shows consistency with Brynjolfsson and Yang’s (1997) point of the intangible value of
information technology being real though systematically underreported in financial terms. Kohli
and Grover’s (2008) value expansion warns readers that hard metrics alone might understate what
such investments produce. The contribution is giving the structural claim an empirical address,

showing that the soft-to-hard step fails and exactly where in a disclosed account it does fail.

5.3 Practical Implications

The 3-gate framework with its sequenced chain can be a useful diagnostic tool for any company,
investor, or manager trying to judge an AI-CX value claim, because each gate names a distinct
and concrete condition for passing through to the next level and finally to a verifiable financial

return.

The first gate’s requirement is to disclose the measurement apparatus and not only the tool.
Saying a recommendation engine or generative feature is deployed without sharing how the
performance is therefore tracked leaves the chain unstarted. This is the position of nine of the 30
tools within the sample. The Gate 2 requirement is more demanding, as the results reported must
have an attribution and causal identification method behind them. A figure attached to an Al tool
without a live experiment, holdout, or controlled before-and-after design cannot be defended
against alternative explanations. This is why 17/30 tool-cases did not pass Gate 2. At Gate 3, the
gap is in all the cases that reach the gate, as cost-netting is absent even in the four strongest cases.
A company that wants a defensible return narrative should disclose its methods in Gate 1 and
Gate 2 and measure and explain both costs and financial benefits of a tool to truly reach a

defensible financial ROI figure.

57



The maturity gradient adds another practical distinction to the gate sequence that the framework
does not draw. Newly launched generative and visual tools sit at Gate 1 not because they are
weak but rather because they have not accumulated a disclosed evidence base, so the diagnostic
framework for an early-stage tool would not be appropriate. Instead of forming performance
claims it cannot yet evidence, a new tool is better served with transparency on the measurement
plan rather than premature quantification that would be held to scrutiny. For a reader assessing
claims about the effect of the usage of AI-CX tools, this same gradient is a caution: the loudest
and most recent Al announcements are systematically the least substantiated, so marketing
prominence is close to the inverse of evidence depth. The right question to ask of any AI-CX
claim is therefore not whether a financial benefit is reached, but whether that claim is supported
by disclosed evidence that the first two gates (measurement; attribution and causal identification)

have been passed.

5.4 Limitations

The limitations that were laid out in §3.9 apply throughout, with two in particular that should be
interpreted alongside the results. Firstly, the analysis is based upon publicly disclosed evidence
and not verified internal reality. A tool that was coded as breaking at a certain stage but has not
failed in operation might only lack the public evidence to carry it through the gates, and so the
wall might only be a wall in the accountability of public claims rather than a demonstrated ceiling
on what these tools achieve internally. Secondly, the findings are analytically generalisable and
not statistically generalisable. Six companies chosen from the disclosure-rich end of one sector
cannot support a claim on the e-commerce market, and the design deliberately trades breadth for

depth, so that the evidence chain can be read at the level of the individual tool.

Two further limitations were realised during the coding process. The count of tool-cases per
company varies wildly (Klarna has two whilst Stitch Fix has seven), so the six companies are not
observed with equal analytical depth, which limits like-for-like company-level comparison even
though the tool-case unit was chosen partly to reduce this risk. The selection of two tool-cases for
close reading in each company section is another analytical judgement, as a different pair chosen
would possibly give a different company-level narrative. This last constraint does not affect the
aggregate distribution within §4.8 (Breakpoint distribution), because all 30 tool-cases are coded

in the overview table regardless of which two tool-cases were singled out for the prose treatment.
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5.5 Future research
This thesis points to various areas for future research efforts that might calibrate its findings:

The first area for future research is to address the disclosure-only constraint at its core. The study
is based solely on public disclosures and does not account for the internal processes and findings
the public does not receive information about. The study can only perceive that a company’s Al
tool-case stops at a certain Gate publicly, but internally, it could have completed the chain
entirely. Research with access to internal data could test this directly and could ask whether the
gap between disclosed and internal attribution is systematically related to company size, sector or

tool maturity.

The second expands on the maturity gradient in §4.8. If the section is correct, today’s Gate 1
generative-Al announcements should move along the chain toward Gate 2 and 3 over the next
few publication cycles. A longitudinal design that re-codes the same tool-cases in the same six
companies with the same three-gate protocol would test the prediction and would therefore

separate a disclosure-timing account from a capability account.

The third is from the disclosure asymmetry between companies in §4.8. Companies that disclose
more tools may also disclose more rigorously, or the relationship may run the other way, and this
sample cannot resolve which of the two it was. A larger cross-industry study could test whether
disclosure volume and attribution chain strength move together, and in doing so would be able to
establish whether the wall documented here is specific to the disclosure-rich e-commerce

companies or a general feature of how companies account for customer-facing Al.

5.6 Conclusion

Taken together, the six cases point to one conclusion. Across 30 customer-facing Al tools at the
six companies operating in a data-heavy and technology-affine industry and thus well-placed to
prove a return, the chain from a working tool to a demonstrated, Al-attributed financial outcome
is, in their public disclosures, never completed. Whether that gap reflects the limits of what firms
can measure or only the limits of what they choose to disclose, it marks the precise point at which

the promise of Al-driven customer experience currently outruns its public evidence.

59



Reference List

Adam, M., Wessel, M. & Benlian, A.(2021), Al-based chatbots in customer service and their
effects on user compliance. Electron Markets 31, 427-445
https://doi.org/10.1007/s12525-020-00414-7

Alvesson, M., & Skoldberg, K. (2018). Reflexive methodology: New vistas for qualitative
research. (3rd edition). Los Angeles Sage. https://doi.org/10.4135/9781036211523

Anderl, E., Becker, 1., von Wangenheim, F., & Schumann, J. H. (2016). Mapping the customer
journey: Lessons learned from graph-based online attribution modeling. International
Journal of Research in Marketing, 33(3), 457-474.
https://doi.org/10.1016/j.ijresmar.2016.03.001

Berman, R. (2018). Beyond the last touch: Attribution in Online advertising. Marketing Science,
37. https://doi.org/10.1287/mksc.2018.1104

Blut, M., Wiinderlich, N. V., & Brock, C. (2024). Facilitating retail customers’ use of Al-based
virtual assistants: A meta-analysis. Journal of Retailing, 100(2).
https://doi.org/10.1016/j.jretai.2024.04.001

Brynjolfsson, E., Li, D., & Raymond, L. (2025). Generative Al at work. The Quarterly Journal of
Economics, 140(2), 889-942. https://doi.org/10.1093/qje/qjac044

Brynjolfsson, E., Rock, D., & Syverson, C. (2021). The productivity J-Curve: How intangibles
complement general purpose technologies. American Economic Journal:
Macroeconomics, 13(1), 333—-372. https://doi.org/10.1257/mac.20180386

Brynjolfsson, E., & Yang, S. (1997). Information technology and productivity: A review of the
literature (Working Paper Series). MIT Center for Coordination Science.

https://EconPapers.repec.org/RePEc:wop:mitccs:202

60



Clayman, M. R., Fridson, M. S., & Troughton, G. H. (2012). Corporate finance : A practical
approach. John Wiley & Sons.

Dhiman, N., Jamwal, M., & Kumar, A. (2023). Enhancing value in customer journey by
considering the (ad)option of artificial intelligence tools. Journal of Business Research,
167, 114142. https://doi.org/10.1016/j.jbusres.2023.114142

Dritsas, E., & Trigka, M. (2025). Machine Learning in e-Commerce: Trends, Applications, and
Future Challenges. /[EEE Access, 1-1. https://doi.org/10.1109/access.2025.3572865

Eisenhardt, K. M. (1989). Building theories from Case study research. The Academy of
Management Review, 14(4), 532-550. https://doi.org/10.2307/258557

Eisenhardt, K. M., & Martin, J. A. (2000). Dynamic capabilities: What are they? Strategic
Management Journal, 21(10/11), 1105-1121. http://www.jstor.org/stable/3094429

Geibel, R.C., & Machavariani, S. (2025). Digital Management and Artificial Intelligence (4th
ed.). Springer Nature.

Guenther, M., & Guenther, P. (2021). The complex firm financial effects of customer satisfaction
improvements. International Journal of Research in Marketing, 38(3), 639—662.
https://doi.org/10.1016/j.ijjresmar.2020.10.003

Herold, M. (2024, August 21). IDC’s Worldwide Al and Generative Al Spending — Industry
Outlook. IDC.
https://www.idc.com/resource-center/blog/idcs-worldwide-ai-and-generative-ai-spending-
industry-outlook/

Huang, M. H., & Rust, R. T. (2018). Artificial intelligence in Service. Journal of Service

Research, 21(2), 155—172. https://doi.org/10.1177/1094670517752459

61



Ittner, C. D., & Larcker, D. F. (1998). Are nonfinancial measures leading indicators of Financial
performance? An analysis of customer satisfaction. Journal of Accounting Research, 36,
1-35. https://doi.org/10.2307/2491304

Kaplan, R. S., & Norton, D. (1992). The balanced scorecard: Measures that drive performance. In
Hbs.edu. Harvard Business Review.
https://www.hbs.edu/faculty/Pages/item.aspx?num=9161

Kaplan, R. S., & Norton, D. P. (1996). The balanced scorecard: Translating strategy into action.
Harvard Business Review Press.

Kejriwal, M. K. (2023). Artificial Intelligence for Industries of the Future. Springer Nature.

Kirkpatrick, D. L. (1959). Techniques for Evaluation training programs. Journal of the American
Society of Training Directors, 13, 21-26.

Kohli, R., & Grover, V. (2008). Business value of IT: An essay on expanding research directions
to keep up with the times. Journal of the Association for Information Systems, 9(1).

Li, Y., Zhong, H., & Tong, Q. (2024). Artificial intelligence, dynamic capabilities, and corporate
financial asset allocation. International Review of Financial Analysis, 96(Part B), 103773.
https://doi.org/10.1016/j.irfa.2024.103773

Liao, Y.-K., Wang, S., Thinh, V. T., & Wu, W.-Y. (2025). An investigation of Leading and lagging
indicators for Balanced scorecard: A Meta-Analytic approach. Sage Open, 15(4).
https://doi.org/10.1177/21582440251359833

Lu, J. A Model for Evaluating E-Commerce Based on Cost/Benefit and Customer Satisfaction.
Information Systems Frontiers 5, 265-277 (2003).

https://doi.org/10.1023/A:1025645210350

62



Luo, X., Tong, S., Fang, Z., & Qu, Z. (2019). Machines versus humans: The impact of Al chatbot
disclosure on customer purchases. In Ssrn.com.
https://papers.ssrn.com/sol3/papers.cfm?abstract 1d=3435635

Madanchian, M. (2024). The impact of Artificial intelligence marketing on E-Commerce sales.
Systems, 12, 429. https://doi.org/10.3390/systems12100429

Miller, K., & Skiera, B. (2023). Economic consequences of Online tracking restrictions: Evidence
from Cookies. International Journal of Research in Marketing, 41.
https://doi.org/10.1016/j.ijresmar.2023.10.001

Mittal, V., Han, K., Frennea, C., Blut, M., Shaik, M., Bosukonda, N., & Sridhar, S. (2023).
Customer satisfaction, loyalty behaviors, and firm financial performance: What 40 years
of research tells us. Marketing Letters, 34, 1-17.
https://doi.org/10.1007/s11002-023-09671-w

Mogollon, M., & Raisinghani, M. (2003). Measuring Roi in E-Business: A Practical Approach.
Information Systems Management, 20(2), 63—-81.
https://doi.org/10.1201/1078/43204.20.2.20030301/41472.10

Norreklit, H. (2000). The balance on the balanced scorecard a critical analysis of some of its
assumptions. Management Accounting Research, 11(1), 65-88.
https://doi.org/10.1006/mare.1999.0121

Pettersson, M. O., Bjorkdahl, J., & Holgersson, M. (2025). Profiting from Al: Evidence from
Ericsson’s Pursuit to Capture Value. California Management Review, 67(4), 5-20.
https://doi.org/10.1177/00081256251349140

Phillips, J. J. (1997). Return on investment in training and performance improvement programs.
Gulf Publishing Company.

Provost, F., & Fawcett, T. (2013). Data science for business. O’Reilly Media, Inc.
63



Saunders, M. N. K., Lewis, P., & Thornhill, A. (2019). Research methods for business students
(8th ed.). Pearson.

Shapley, L. S. (1953). A Value for n-Person Games. Contributions to the Theory of Games
(AM-28), Volume 11, 2, 307-318. https://doi.org/10.1515/9781400881970-018

Singal, R., Besbes, O., Desir, A., Goyal, V., & Iyengar, G. (2022). Shapley Meets Uniform: An
Axiomatic Framework for Attribution in Online Advertising. Management Science, 12,

7457-7479. https://doi.org/10.1287/mnsc.2021.4263

Singla, A., Chui, M., Sukharevsky, A., Hall, B., Yee, L., & Balakrishnan, T. (2025). The state of

Al: How organizations are rewiring to capture value. In www.mckinsey.com. McKinsey.
https://www.mckinsey.com/capabilities/quantumblack/our-insights/the-state-of-ai#/

Teece, D. J. (2006). Reflections on “Profiting from Innovation.” Research Policy, 35(8),
1131-1146. https://doi.org/10.1016/j.respol.2006.09.009

Teece, D. J. (2007). Explicating dynamic capabilities: The nature and microfoundations of

(Sustainable) enterprise performance. Strategic Management Journal, 28(13), 1319-1350.

http://www.jstor.org/stable/20141992

Teece, D. J., Pisano, G., & Shuen, A. (1997). Dynamic capabilities and strategic management.
Strategic Management Journal, 18(7), 509-533. http://www.jstor.org/stable/3088148

Thomas, R. L., & Uminsky, D. (2022). Reliance on metrics is a fundamental challenge for Al
Patterns, 3(5), 100476. https://doi.org/10.1016/j.patter.2022.100476

Yin, R. K. (2018). Case study research and applications: Design and methods (6th ed.). Sage

Publications.

64



Data Sources Case Studies Reference List

(cited sources only; full source index by cases listed in Appendix B)

ASOS plc. (2025a). Structurally improved profitability unlocks new era of customer
re-engagement.
https://www.asosplc.com/media/ikxfhqeu/asos-fy25-results-rns-final-20251120.pdf

ASOS plc. (2025b). ASOS Plc annual report and accounts 2025.
https://www.asosplc.com/media/buijobcn/49775 asos_ar25 text int 031225-final.pdf

ASOS plc. (2026). Interim results for the 26 weeks to 1 March 2026.
https://www.asosplc.com/media/jpgfzvjz/interim-results-for-the-26-weeks-to-1-march-20
26.pdf

Bettaney, E. M., Hardwick, S. R., Zisimopoulos, O., & Chamberlain, B. P. (2019). Fashion Outfit
Generation for E-commerce. arXiv.Org. https://arxiv.org/abs/1904.00741

Dignan, L. (2025). How Wayfair s replatforming sets it up for agentic AI commerce. Constellation
Research Inc.
https://www.constellationr.com/insights/news/how-wayfairs-replatforming-sets-it-agentic-
ai-commerce

Doerer, K. (2025). Klarna says its Al agent is doing the work of 853 employees. CX Dive.
https://www.customerexperiencedive.com/news/klarna-says-ai-agent-work-853-employee
s/805987/

Duan, T. (2023, March 6). 4 new era of creativity: Expert-in-the-loop generative Al at

Stitch Fix. Stitch Fix Technology — Multithreaded.

65



https://multithreaded.stitchfix.com/blog/2023/03/06/expert-in-the-loop-generative-ai-

at-stitch-fix/

eBay Inc. (2025a). Ebay SEC-annual report 2025. In Sec.gov. US Securities and Exchange
Commission.

https://www.sec.gov/Archives/edgar/data/1065088/000106508826000027/ebay-20251231.htm

eBay Inc. (2025b). eBay uses agentic Al to Supercharge personalized ecommerce. In eBay Inc.
eBay Inc.
https://innovation.ebayinc.com/stories/ebay-uses-agentic-ai-to-supercharge-personalized-e
commerce/

Ergenay, O. & Reid, H. (2026, March 12). Zalando forecasts 2026 profit jump driven by Al
boost; shares soar. Reuters.
https://www.reuters.com/business/zalando-expects-annual-profit-above-last-year-2026-03
-12/

Freno, A. (2017). Practical lessons from developing a large-scale recommender system at
Zalando. In Proceedings of the 11th ACM Conference on Recommender Systems
(RecSys '17).

Gardiol, N. (2022, September 2). Experts in-the-Loop at Stitch Fix .
Multithreaded.Stitchfix.Com; Stitch Fix, Inc.
https://multithreaded.stitchfix.com/blog/2022/09/02/stylists-in-the-loop/

Klarna. (2024a). Klarna Al assistant handles two-thirds of customer service chats in its first
month. Klarna
https://www.klarna.com/international/press/klarna-ai-assistant-handles-two-thirds-of-cust

omer-service-chats-in-its-first-month/

66



Klarna. (2024b). Shopping made smarter: Klarna adds more Al features to its assistant powered
by OpenAl | Klarna International. Klarna.
https://www.klarna.com/international/press/shopping-made-smarter-klarna-adds-more-ai-f
eatures-to-its-assistant-powered-by-openai/

Klarna Group plc. (2025). (SEC filing No. 424B4). U.S. Securities and Exchange Commission.
https://www.sec.gov/Archives/edgar/data/2003292/000200329225000052/klarnagroupplc
424b4.htm

Loh, E., Khandelwal, J., Regan, B., & Little, D. A. (2022). Prometheus. Proceedings of the 28Th
ACM SIGKDD Conference on Knowledge Discovery and Data Mining, 3447-3457.
https://doi.org/10.1145/3534678.3539148

McKinsey. (2026). The rise of the agentic shopper: ASOS’s Al investment . In McKinsey.
McKinsey.
https://www.mckinsey.com/industries/retail/our-insights/the-rise-of-the-agentic-shopper-a
soss-ai-investment#/

Morris, C. (2022). Data science, but make it fashion: Stitch Fix algorithms use operations
research to personalize your style. ORMS Today. https://doi.org/10.1287/0rms.2022.03.06

OpenAl. (2024). Klarna's Al assistant does the work of 700 full-time agents. Openai
https://openai.com/index/klarna/

Orosz, G. (2024). Klarna's Al chatbot: how revolutionary is it, really? The Pragmatic Engineer.
https://blog.pragmaticengineer.com/klarnas-ai-chatbot/

Perez, S. (2024). eBay adds an Al-powered “shop the look™ feature to its i1OS app. In
TechCrunch.
https://techcrunch.com/2024/04/09/ebay-adds-an-ai-powered-shop-the-look-feature-to-its-

10s-app/
67



Ruth, J.-P. S. (2026, May). Wayfair CTO maps agentic path across digital and brick-and-mortar
commerce. Information Week; Informa TechTarget.
https://www.informationweek.com/machine-learning-ai/wayfair-cto-maps-agentic-path-ac
ross-digital-and-brick-and-mortar-commerce

Stitch Fix Investor Relations. (2025, March 11). Stitch Fix Announces Second Quarter of Fiscal
Year 2025 Financial Results. Stitch Fix, Inc.
https://investors.stitchfix.com/news-events/press-releases/news-details/2025/Stitch-Fix-A
nnounces-Second-Quarter-of-Fiscal-Year-2025-Financial-Results-03-11-2025/default.asp
X

Stitch Fix, Inc. (2022). Annual report (Form 10-K) for the fiscal year ended July 30, 2022. U.S.
Securities and Exchange Commission.
https://d18rn0p25nwr6d.cloudfront.net/CIK-0001576942/c20cbf99-2ed1-4186-a9¢9-a6c7
3869df09.pdf

Stitch Fix, Inc. (2025). Annual report (Form 10-K) for the fiscal year ended August 2, 2025. U.S.
Securities and Exchange Commission.
http://d18rm0p25nwr6d.cloudfront.net/CIK-0001576942/3d8eaeb3-5920-497a-9a86-31a96
61acbOf.pdf

Stitch Fix. (2025). Stitch Fix introduces Stitch Fix Vision, a GenAl-powered style visualization
experience [Press release]. Stitch Fix Investor Relations.
https://investors.stitchfix.com/news-events/press-releases/news-details/2025/Stitch-Fix-In
troduces-Stitch-Fix-Vision-a-GenAl-Powered-Style-Visualization-Experience-10-06-2025

/default.aspx

68



Sun, Y., & Brovman, Y. M. (2024). CoActionGraphRec: Sequential multi-interest
recommendations using co-action graphs. RecSys 24 Workshop.
https://arxiv.org/abs/2410.11464

Todd, M. D., & Gargan, D. (2025). Research Update: Wayfair LLC Outlook Revised To Positive
On EBITDA Outperformance; New Senior Secured Notes Rated “BB-"" (Recovery: “27).
Spglobal.Com; S&P Global Inc.
https://www.spglobal.com/ratings/en/regulatory/article/-/view/type/HTML/id/3471717

Wall, M. (2026). ASOS: Redesigning online fashion at the speed of Al. In Microsoft UK Stories.
Microsoft.
https://ukstories.microsoft.com/features/asos-redesigning-online-fashion-at-the-speed-of-a
i/

Wassel, B. (2026, May). Wayfair is willing to sacrifice margin for CX that will fuel long-term
growth. CX Dive; Informa TechTarget.
https://www.customerexperiencedive.com/news/wayfair-sacrifice-margin-cx-fuel-long-ter
m-growth/819128/

Wayfair Investor Relations. (2025). Wayfair Introduces New AI-Powered Tool “Muse” to Inspire
and Personalize the Home Shopping Experience. Investor.Wayfair.Com; Wayfair Investor
Relations.
https://investor.wayfair.com/news/news-details/2025/Wayfair-Introduces-New-Al-Powere
d-Tool-Muse-to-Inspire-and-Personalize-the-Home-Shopping-Experience/default.aspx

Wayfair Inc. (2025). Annual report (Form 10-K) for the fiscal year ended December 31, 2025.
U.S. Securities and Exchange Commission.

https://www.sec.gov/Archives/edgar/data/1616707/000161670726000027/w-20251231.ht

m

69



West, B. (2022). Building Wayfair's first virtual assistant: Automating customer service by text
based intent prediction. Wayfair Tech Blog.
https://www.aboutwayfair.com/careers/tech-blog/building-wayfairs-first-virtual-assistant-
automating-customer-service-by-text-based-intent-prediction

Zalando SE. (2023, February 21). Applied methods from Mathematical optimization and machine
learning in E-commerce. Zalando Engineering Blog.
https://engineering.zalando.com/posts/2023/02/gor-workshop.html

Zalando SE. (2025). Annual report 2025. In Zalando Corporate Website. Zalando SE.
https://corporate.zalando.com/en/annual-report-2025

Zalando SE. (2026a). Business update 2026. In Zalando Corporate Website. Zalando SE.
https://corporate.zalando.com/en/business-update-2026

Zalando SE. (2026b). Shaping the future: Al & Zalando.
https://corporate.zalando.com/sites/default/files/media-download/zalando-se shaping-the-

future ai-and-zalando.pdf

70



Appendices

Appendix A: Coding Instrument

The diagnostic instrument applied identically to all 30 tool-cases (referenced in §3.3, §3.7 and
§3.8). It was specified from theory before data collection and comprises three sequential gates, a
set of decision rules, and the Gate-3 evidence hierarchy. The instrument is implemented in the
Gate-1/2/3 coding sheets of the case-coding workbook.

A.1 The three gates

Does the firm track and

s . A disclosed,
disclose the tool's own . .
Measurement . tool-specific Dynamic
Gate 1 - performance (does it have the . . .
capability S tracking metric Capabilities
measurement capability and exists
infrastructure)? )
Can the tool's effect be A credible named
Attribution & isolated through a named causal method that
method (a live A/B test, a tests the tool against Multi-Touch
Gate 2 causal o
) . . holdout group, or a real customer Attribution
identification . . T
before/after comparison with  behaviour is
a defined counterfactual)? disclosed.
. Cleared only at Hard/Soft
Gate 3 Financigl ‘{rsaﬁlseiai:;dcli(r)ligiedfiglsible Level 5 (netted ROI-
translation benefit) or Level 6 Balanced

K‘)
monetary return? (ROI ratio); see A.3. = Scorecard

Table Al. The three sequential gates of the diagnostic instrument.

A.2 Decision rules

Each tool-case is recorded at the earliest gate its disclosed evidence
Earliest-failure rule does not support; a later-gate claim is not credited if an earlier gate is
unmet.

The attribution method must test the tool against real customer

Gate 2 - live-behaviour  behaviour (live A/B test, holdout, or before/after with a defined

rule counterfactual). Offline evaluation is insufficient, because it does not
test actual customer behaviour.

Any disclosed method that tests the tool against real customer
behaviour is treated as equivalent for the purpose of passing the gate;
Gate 2 is applied as a binary lens, not a graded scale of causal
strength.

Gate 2 - binary lens
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Gate 3 is cleared only at Level 5 (a benefit netted against investment

Gate 3 - clearing rule

Table A2. Decision rules governing gate assignment.

A.3 Gate 3 evidence hierarchy (Levels 0-6)

0

No claim

Narrative claim only

Customer metric

Operational metric

Gross benefit

Net benefit disclosed

Full ROI/ NPV

No claim is made that implies an

improvement of any kind.

A benefit is asserted in prose with

no accompanying metric.

A non-financial, experiential
metric is reported.

A disclosed non-financial

operational metric (e.g. response

time, cost per contact), or a
relative percentage effect on a
financial quantity that is not
converted into an absolute
monetary amount.

A disclosed monetised gross
benefit: an absolute monetary
figure, not a bare percentage,

reported without reference to the
investment required to achieve it.

The monetised benefit is netted
against disclosed investment cost.

A complete ROI ratio or

equivalent return metric is given.

cost) or Level 6 (a full ROI ratio). A Level 4 gross-benefit claim
reaches the gate but does not clear it.

No effect described.

“Our chatbot has
transformed customer
experience.”

“Customer satisfaction
(CSAT) improved.”

“Average response time
fell by 40%.”, "The tool
produced a 3.59% revenue
effect in an A/B test."

“The tool generated €10M
in additional revenue.”

“Net benefit after
implementation cost was
€6M.”

“The tool delivered a
240% ROI over 18
months.”

Table A3. Gate-3 evidence hierarchy (see §2.4.4). Gate 3 is cleared only at Level 5 or 6.
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Appendix B: Source Inventory by Case

The public sources used for each of the six cases (referenced in §3.6 and §3.8). Sources are
organised by company and then by source type, so that the §3.6 triangulation requirement - at
least three of the four core types per case - is visible at a glance. Author or publisher is given
where identifiable; full URLSs, tool tags and the specific claim each source supports are held in
the case-coding workbook (Source Log), available on request.

B.1 Overview - sources per company and type

Financial | Customer- | Engineering Third-

i t(;;l;es lnve/stor flil/lceirgiga/ Tech/nical a?:te;::roel;i*
Klarna 22 4/4 2 12 3 2 3
Zalando 22 4/4 7 3 6 5 1
eBay 19 4/4 7 4 5 3 0
ASOS 14 4/4 5 1 4 1 3
Wayfair 16 4/4 5 6 3 2 0
Stitch Fix 20 4/4 7 5 5 3 0

Table Bl1. Source count by company and type. All six cases cover 4/4 core types (§3.6). *Vendor-authored is a
supplementary fifth type; every vendor figure is corroborated by a core-type source.

B.2 Klarna (22 sources)

Source (author / publisher - title)

KLA-0 Engincering/Technical Pragmqtlc Eng.m.eer - Klarna's Al chatbot: how 2024 KLA-T
1 revolutionary is it really 1
KLA-0 Engincering/Technical Fintech Takes - Deep Dive Essay Klarna 2025 KLA-T
2 Footnotes 1
KLA-0 . . . The Finanser - How much will Al save your KLA-T
3 Engineering/Technical business? (focus on Klarna) 2023 1
LangChain - How Klarna's Al assistant redefined
4KLA_0 Vendor-authored customer support at scale for 85 million active 2025 IfLA_T
users
KLA-0 Vendor-authored OpenAl —_Klarna s Al assistant does the work of 2024 KLA-T
5 700 full-time agents 1
KLA-0 . Fast Company - Klarna tried to replace its KLA-T
6 Third-party workforce with Al 2026 14
KLA-0 @ Customer-facing/Medi = Customer Experience Dive - Klarna says its Al KLA-T
o 2025
7 a agent is doing the work of 853 employees 1
KLA-0 . BBAE - Klarna (SKLAR) IPO: Everything You KLA-T
] Third-party Need to Know 2025 1
. . Customer Experience Dive - Klarna changes its
KLA-0 | Customer-facing/Medi |y 0 ang again recruits humans for customer 2025 KLAT

9 a .
service
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Source (author / publiSher - title)

Google Cloud - Klarna and Google Cloud Enter
KLA-1 = Customer-facing/Medi = Strategic Al Partnership to Bring More Creative KLA-T
. . . o 2025
0 a and Engaging Shopping Experiences to Millions 1

of Klarna Users Worldwide

Entrepreneur - Klarna Is Hiring Customer

IfLA_l Sustomer-facmg/Medl Service Agents After AI Couldn’t Cut It on Calls, =~ 2025 IliLA_T
According to the Company’s CEO
. . Klarna IR - Klarna Accelerates U.S. Growth and
2KLA-1 aCustomer-facmg/Medl Delivers $1bn Revenue Driven by Rapid Banking =~ 2026 IFLA'T
Service Adoption
. . Klarna - Klarna Announces Profitable Start to
I;LA_I aCustomer-facmg/Medl 2024 as It Sets the Stage for a Year of Innovation =~ 2024 IfLA_T
and Growth
Klarna IR - Klarna H1 earnings: Compounding August
KLA-1 = Customer-facing/Medi = growth generates 27% revenue rise, SEK 1.1 27%1 KLA-T
4 a billion profit improvement, and over SEK 1 202 4’ 1
trillion annualized GMV
. . Klarna - Klarna accelerates global momentum in
15<LA_1 gustomer-facmg/Medl Q1 2025 and unlocks large gains from Al 2025 IfLA_T
innovation
KLA-1 Customer-facing/Medi = Klarna - Klarna Al assistant handles two-thirds 2024 KLA-T
6 a of customer service chats in its first month 1
. . Klarna - Shopping made smarter: Klarna adds
KLA-1 | Customer-facing/Medi | |+ "AT features to its assistant powered by 2024 | Context

7 a OpenAl
Klarna - Klarna grows Q2 revenue to $823m,

Mbhel | Crsipmaribobiyhiizi reports continued operating profitability and 2025  Context

J a highest number of on-time payments

KLA-1 . . , .

9 Financial/Investor Klarna IR - Klarna Q4'25 Earnings Press Release 2026  Context
IO<LA_2 Sustomer-facmg/Medl Klarna IR - Q4 Earning Presentation 2026  Context
KLA-2 Global Retail E-Commerce Sales Will Reach

1 Vendor-authored $6.8 Trillion By 2028 2024  Context
2KLA_2 Financial/Investor US SEC - Prospectus of Klarna Group Plc 2025 IliLA_T

B.3 Zalando (22 sources)

Source (author / publisher - title)

ZAL-0 . . ZAL-TI,
) Financial/Investor Zalando SE - Annual Report 2024 2024 ZAL-T2
ZAL-0 g c

5 Financial/Investor Zalando SE - Annual Report 2022 2022 | ZAL-T2
ZAL-0 . . ZAL-TI,
3 Financial/Investor Zalando SE - Annual Report 2023 2023 ZAL-T2



ZAL-0
4

ZAL-0
5

ZAL-0
6

ZAL-0
7

ZAL-0
8

ZAL-0
9

ZAL-1
0

ZAL-1

ZAL-1

ZAL-1

ZAL-1

ZAL-1

ZAL-1

ZAL-1

ZAL-1

ZAL-1

ZAL-2

ZAL-2

ZAL-2

Engineering/Technical

Vendor-authored

Engineering/Technical

Third-party

Engineering/Technical

Third-party

Customer-facing/Medi
a

Engineering/Technical

Engineering/Technical

Third-party

Engineering/Technical

Third-party

Customer-facing/Medi
a

Third-party

Customer-facing/Medi
a

Financial/Investor

Financial/Investor

Financial/Investor

Financial/Investor

Zalando Science Blog - Applied Methods from
Mathematical Optimization and Machine
Learning in E-commerce

OpenAl case study - Boosting the customer retail
experience with GPT-40 mini

Zalando Engineering Blog - Content Creation
Copilot - Al-assisted product onboarding

Forrester - E-Commerce Will Drive Half of
Europe-5 Retail Sales Growth by 2030

Engineering Blog - Exploring the Potential of
Graph Neural Networks to Transform
Recommendations at Zalando

BoF x McKinsey - Fashion's New Era of Product
Discovery

Al Week 2025 podcast - Interview with Tian Su,
Chief Al & Science Officer @ Zalando

Freno - Practical Lessons from Developing a
Large-Scale Recommender System at Zalando

Engineering Blog - Search Quality Assurance
with Al as a Judge

Oxford Economics - Zalando's Economic Impact
on the European Economy

Engineering Blog - Zalando's Machine Learning
Platform

Reuters - Zalando forecasts 2026 profit jump
driven by Al boost

Zalando Corporate - More personal and smarter -
the Zalando Assistant with enhanced capabilities

Reuters - Zalando uses Al to speed up marketing
campaigns, cut costs

Zalando Corporate - Zalando brings its
Al-powered assistant to all markets and adds four
new cities to its Trend Spotter

Zalando delivers strong 2025 results, expects
further acceleration in 2026 through scaling Al
innovations; €300m buyback

Zalando SE - Annual Report 2025

Zalando SE investor deck - Business Update 2026

Zalando SE investor deck - Shaping the Future:
Al & Zalando

2023

2024

2024

2026

2024

2024

2025

2017

2026

2024

2022

2026

2025

2025

2024

2026

2026

2026

2026

Context
/n-a

ZAL-T1
Context
/ n-a

Context
/n-a

ZAL-T5

Context
/n-a

ZAL-TI1,
ZAL-T3,
ZAL-T5

ZAL-T5

ZAL-T5

Context
/n-a

Context
/ n-a

ZAL-T6

ZAL-T1

Context
/n-a

ZAL-TI,
ZAL-T3

ZAL-TI,
ZAL-T2,
ZAL-TS,

ZAL-T1,
ZAL-T2,
ZAL-T4,
ZAL-T6

ZAL-T1,
ZAL-T6

ZAL-TI,
ZAL-T5
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B.4 eBay (19 sources)

Source (author / publisher - title)

EBA-0
1

EBA-0
2

EBA-0

EBA-0

EBA-0

EBA-0

EBA-0

EBA-0

EBA-0

EBA-1

EBA-1

EBA-1

EBA-1

EBA-1

EBA-1

EBA-1

EBA-1

EBA-1

EBA-1

Customer-facing/Medi
a

Engineering/Technical

Financial/Investor

Financial/Investor

Financial/Investor

Financial/Investor

Financial/Investor

Financial/Investor

Financial/Investor

Third-party

Customer-facing/Medi
a

Customer-facing/Medi
a

Engineering/Technical

Engineering/Technical

Engineering/Technical

Engineering/Technical

Third-party

Customer-facing/Medi
a

Third-party

eBay Inc. - Announcing a New Collaboration
Between eBay and OpenAl

Sun & Brovman - CoActionGraphRec: Sequential
Multi-Interest Recommendations Using
Co-Action Graphs

ebay annual report 2022

ebay Annual report 2023

ebay annual report 2024

ebay annual report 2025

eBay Inc. - Ebay quarterly report 2025 Q1

eBay Inc. - Ebay quarterly report 2025 Q3

Annual report 2026 Q1

Ecommerce Trends: How eBay is using Al

Introducing a New Way to Use Generative Al for
Social Selling

eBay Inc. - Introducing Shop the look: eBay
curating personalized outfits with Al

LILIUM: EBAY’S LARGE LANGUAGE
MODELS FOR E-COMMERCE

Personalized Embedding-based e-Commerce
Recommendations at eBay

Personalized Ranking in eCommerce Search

Visual search at eBay
Fortune - eBay unveils Al agent aimed at helping
shoppers unearth hidden ‘treasures’

eBay Uses Agentic Al to Supercharge
Personalized Ecommerce

eBay adds an Al-powered ‘shop the look’ feature
to its iO0S app

2025

2024

2023

2024

2025

2026

2025

2025

2026

2025

2025

2024

2024

2021

2019

2017

2025

2025

2024

EBA-T4

EBA-T1

Context /
n-a

Context /
n-a

Context /
n-a

Context /
n-a

Context /
n-a

Context /
n-a

Context /
n-a

EBA-T4,
EBA-T5

EBA-T4,
EBA-T5

EBA-T4,
EBA-TI

Context /
n-a

EBA-TI

EBA-T2

EBA-T3

EBA-T4

EBA-T4

EBA-T4
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B.5 ASOS (14 sources)

AS-01

AS-02

AS-03

AS-04

AS-05

AS-06

AS-07

AS-08

AS-09

AS-10

AS-11

AS-12

AS-13

AS-14

Vendor-authored

Customer-facing/Medi
a

Vendor-authored

Vendor-authored

Financial/Investor

Engineering/Technical

Engineering/Technical

Engineering/Technical

Third-party

Financial/Investor

Financial/Investor

Financial/Investor

Financial/Investor

Engineering/Technical

Microsoft - ASOS and Microsoft announce new
three-year Al collaboration

ASOS plc - ASOS launches ASOS Stylist app in
ChatGPT

Microsoft - ASOS uses Azure Al Studio to surprise
and delight young fashion lovers

ASOS: Redesigning online fashion at the speed of
Al

Asos annual Report 2025

Customer Lifetime Value Prediction Using
Embeddings

Product Characterisation towards Personalisation

Prometheus: An End-to-End Machine Learning
Framework for Optimizing Markdown in Online
Fashion E-commerce

The rise of the agentic shopper: ASOS’s Al
investment

asos fy25 results rns final

Annual report 2024

Annual report 2022

Interim results for the 26 weeks to 1 March 2026

Fashion Outfit Generation for E-commerce

2024

2026

2024

2026

2025

2017

2018

2022

2026

2025

2024

2022

2026

2019

ASO-T
19
ASO-T
5

ASO-T
1

ASO-T
1

ASO-T
Il
ASO-T
4

ASO-T
2

Context
/ n-a

ASO-T
5

Context
/ n-a

ASO-T
4,
ASO-T
1,
ASO-T
5

ASO-T
2

ASO-T
4

ASO-T
I
ASO-T
4

ASO-T
3’
ASO-T
4’
ASO-T
5’
ASO-T
2

ASO-T
2
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B.6 Wayfair (16 sources)

Source (author / publisher - title)

WF-01

WEF-02

WF-03

WEF-04

WEF-05

WEF-06

WEF-07

WEF-08

WEF-09

WEF-10

WF-11

WF-13

WF-14

WEF-15

WEF-16

WEF-17

Financial/Investor

Third-party

Customer-facing/Medi
a

Customer-facing/Medi
a

Customer-facing/Medi
a

Customer-facing/Medi
a

Customer-facing/Medi
a

Third-party

Engineering/Technical

Engineering/Technical

Engineering/Technical

Financial/Investor

Financial/Investor

Financial/Investor

Financial/Investor

Customer-facing/Medi
a

US SEC - Form 10-Q Quarterly Report
ending March 31,2026

How Wayfair's replatforming sets it up for
agentic Al commerce

Wayfair CTO maps agentic path across digital
and brick-and-mortar commerce

Wayfair debuts Muse, its new Al-powered
search and discovery tool

Customer Experience Dive - Wayfair invests
in Al to power its customer experience push

Customer Experience Dive - Wayfair is
willing to sacrifice margin for CX that will
fuel long-term growth

Can Algorithms Curate Your Dream Home?
Wayfair’s Al E-Comm Revolution

Recovery: 2' - Research Update: Wayfair
LLC Outlook Revised To Positive On
EBITDA Outperformance; New Senior
Secured Notes Rated 'BB-'

Smarter Shopping Starts Here - How Al
Understands What You’re Looking For!

West - Building Wayfair’s First Virtual
Assistant: Automating Customer Service by
Text Based Intent Prediction

Teaching Wayfair’s Catalog to “See” Style:
An LLM-Powered Style Compatibility
Labeling Pipeline on Google Cloud

US SEC - Form 10-K Annual Report ending
December 31,2022

US SEC - Form 10-K Annual Report ending
December 31,2023

US SEC - Form 10-K Annual Report ending
December 31,2024

US SEC - Form 10-K Annual Report ending
December 31,2025

Wayfair Inc. - Wayfair Introduces New
Al-Powered Tool "Muse' to Inspire and
Personalize the Home Shopping Experience

2026

2025

2026

2025

2026

2026

2024

2025

2025

2022

2025

2022

2023

2024

2025

2025

Context

WAY-T1,
WAY-T4

Context / n-a

WAY-T1

WAY-T1,T2,
T3,T5

Multiple

WAY-T1,
WAY-T2,
WAY-T5

Context

Multiple

WAY-T5

Context

Context

Context

Context

Context

Context
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B.7 Stitch Fix (20 sources)

Source (author / publisher - title)

SF-01

SF-02

SF-03

SF-04

SF-05

SF-06

SF-07

SF-08

SF-09

SF-10

SF-11

SF-12

SF-13

SF-14
SF-15
SF-16
SF-17

SF-18

SF-19
SF-20

Engineering/Technical
Engineering/Technical

Third-party

Third-party

Third-party

Customer-facing/Medi
a

Engineering/Technical

Customer-facing/Medi
a

Engineering/Technical

Engineering/Technical

Customer-facing/Medi
a

Customer-facing/Medi
a

Customer-facing/Medi
a

Financial/Investor
Financial/Investor
Financial/Investor

Financial/Investor
Financial/Investor

Financial/Investor

Financial/Investor

Multi-Armed Bandits and the Stitch Fix
Experimentation Platform

Experts in-the-Loop at Stitch Fix

"Stitch Fix DTC Business Model Innovation Path
Based on Data Driven"

The effects of customer consumption goals on
artificial intelligence driven reccomendation
agents: evidence from Stitch Fix

Stitch Fix’s Growth Plan: More Quality
Customers, Not Just More Shoppers

Stitch Fix: AI-Powered Recommendations Boost
Keep Rates and Customer Satisfaction

A New Era of Creativity: Expert-in-the-loop
Generative Al at Stitch Fix

Stitch Fix Inc. - Stitch Fix Announces Second
Quarter of Fiscal Year 2025 Financial Results

Morris - Data Science, but Make it Fashion Stitch
Fix algorithms use operations research to
personalize your style

Ariadne: building a custom observability UI for
personalized search

Stitch Fix revenue rises as CEO credits Al tools in
Q2

Stitch Fix Inc. - Stitch Fix Introduces Stitch Fix
Vision, a GenAl-Powered Style Visualization
Experience

Stitch Fix expands Al image generation to
improve personalization

10K Annual Report year ending August 2,2025
10K Annual Report year ending August 2,2024
10K Annual Report year ending August 2,2023
10K Annual Report year ending August 2,2022

10Q Quarterly Report quarter ending November 1
2025

10Q Quarterly Report ending May 2 2026
10Q Quarterly Report ending January 31 2026

Table B2. Per-case source inventory (113 sources across the six cases).

2020 STF-T1
2022 STF-T2
STF-T1-
2023 -
2026 STF-T1
2025 STF-T7
STF-T1
2025 & T4
2023 STF-T5
2025 Context
/n-a
2022 STF-T2
2023 STF-T4

2026 = Multiple

2025 Context

2026 STF-T6

2025 Context
2024 = Context
2023
2022 = Context

Context

2025 Context

2026 Context
2026 Context
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