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Abstract

The global advertising industry is projected to reach $2.5 trillion by 2030.
It reflects the growing dependence of businesses on media and advertising
platforms to attract and retain customers. The rise of advertising as a dom-
inant business model, particularly among large digital platforms, has signif-
icantly increased the cost of market access. As a result, businesses left with
little choice but to invest across a growing number of marketing channels.
This challenge is particularly prominent for digital-native businesses seek-
ing broad audiences in competitive markets. Despite advances in research
and technology, smaller-scale advertisers remain poorly equipped to answer
one of the most fundamental questions in marketing: what is the best use of
our advertising budget? This thesis addresses this gap through three empir-
ical studies. The first investigates whether web traffic generated by various
marketing channels influences direct traffic and purchase behaviour, estab-
lishing the interdependencies that exist across channels. The second exam-
ines whether digital media investments generate spillover effects on organic
branded searches, revealing how paid activity shapes unpaid performance.
The third, driven by the findings of the first two, proposes a causal-driven
attribution framework that estimates channel influence without relying on
user-level data, offering a privacy-compliant and accessible measurement
approach for businesses of all sizes. Together, these studies contribute to a
more rigorous and equitable understanding of multi-channel marketing mea-
surement. This work contributes to both marketing practice and academic
literature. For practitioners, it offers actionable frameworks to measure
channel performance, allocate budgets more effectively, and make evidence-
based decisions without requiring technical expertise or user-level data. For
researchers, it advances the understanding of multi-channel attribution, me-
dia spillover effects, and causal inference in advertising measurement, areas

where empirical evidence remains limited.
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Introduction

1.1 Background and motivation

Marketing activities are essential for businesses (Urbonavic¢ius and Diké¢ius,
2008). At its core, marketing enables organisations to communicate value to
existing and prospective customers, differentiate themselves in competitive
markets, and sustain long-term growth (Kotler et al., 2016). The strategic
importance of this function is reflected in the scale of investment it com-
mands globally: advertising spend is projected to exceed $1.25 trillion in
2025 (Statista, 2025a). Research demonstrates that a strong and influential
marketing department contributes positively to firm performance, regard-

less of firm size (Wirtz et al., 2014).

Despite the scale of these investments, the relationship between mar-
keting expenditure and business outcomes remains notoriously difficult to
quantify. The fundamental challenge, long established in the literature, is
that consumers do not respond to marketing stimuli in isolation. They en-
counter marketing messages across search engines, social platforms, video
environments, email campaigns, and offline channels before arriving at a
purchase decision (Schweidel, Bart, Inman, Stephen, Libai, Andrews et al.,
2022; Verhoef et al., 2015). This fragmentation means that the effect of
any single marketing activity is entangled with the effects of all others,
making straightforward measurement effectively impossible without appro-
priate methods and tools (Naik and Raman, 2003; Naik and Peters, 2009).
The difficulty is compounded by temporal dynamics: advertising effects do



not occur instantaneously but carry over across days and weeks, gradually
decaying in their influence on consumer behaviour (Jin et al., 2017; Ephron

and McDonald, 2002).

These measurement challenges are not merely academic. Organisations
that cannot reliably attribute outcomes to specific activities risk system-
atically misallocating their budgets, overinvesting in channels that appear
productive only because they are easy to measure, and underinvesting in
channels whose contributions are indirect or delayed (Danaher and van
Heerde, 2018). Attribution modelling defined as the practice of assign-
ing credit for observed outcomes to the marketing touchpoints that pre-
ceded them. It has therefore emerged as a central tool for marketing ac-
countability (Buhalis and Volchek, 2021; Kannan et al., 2016). Yet despite
decades of methodological development, from heuristic rule-based models to
data-driven multi-touch and causal approaches, attribution remains what
Ben Mrad and Hnich (2024) describe as one of the most fundamental prob-

lems facing modern marketers.

The growing complexity of the digital landscape has made this problem
considerably harder to solve. Consumers now navigate omnichannel envi-
ronments in which the boundaries between paid, earned, and owned media
are increasingly blurred (Lemon and Verhoef, 2016). Standard click-based
attribution system is the backbone of most commercial analytics platforms.
It captures only a fraction of this complexity, recording the last measurable
click before conversion while ignoring the upstream exposures and cross-
channel interactions that may have been decisive in shaping purchase in-
tent (Dalessandro et al., 2012; Romero Leguina et al., 2020). Furthermore,
evidence suggests that impressions marketing exposures that do not gen-
erate a click can materially influence consumer behaviour. That includes
driving branded keyword searches and ultimately facilitating conversions
(Ghose and Todri-Adamopoulos, 2016). These impression-driven pathways
are structurally invisible to click-centric attribution frameworks, introduc-

ing systematic bias into measurements of channel effectiveness.

The situation has been further complicated by a sharp contraction in the



availability of user-level data. Privacy regulations including the European
Union’s General Data Protection Regulation (Li et al., 2019a), the Cali-
fornia Consumer Privacy Act (Bonta, 2022a), and platform-level changes
such as Apple’s iOS 14 updates (Sokol and Zhu, 2021) have significantly
restricted the cross-platform tracking upon which most data-driven attribu-
tion models depend. The deprecation of third-party cookies has reinforced
this trend (Oksanen, 2022; Kamena, 2021). Collectively, these developments
have created what might be termed a privacy-attribution paradox: the an-
alytical need for sophisticated multi-touch attribution is growing precisely
as the data infrastructure required to support it is becoming less accessible

(Wernerfelt et al., 2025).

These challenges are felt unevenly across the business landscape. Large
corporations with dedicated data science teams, substantial technical in-
frastructure, and long-established measurement frameworks are better po-
sitioned to adapt. Small and medium-sized enterprises (SMEs), by con-
trast, operate under significant resource constraints. Yet SMEs constitute
the overwhelming majority of businesses in most economies. They account
for over 99% of all enterprises in the European Union and representing ap-
proximately two-thirds of total private sector employment (European Com-
mission, 2023). They are active participants in digital advertising markets,
allocating meaningful portions of their limited budgets across social media,
search engine marketing, display networks, and programmatic channels in
pursuit of growth (Leeflang et al., 2014). Indeed, SMEs are frequently early
adopters of emerging marketing channels, drawn by lower entry costs and
direct access to audiences that would otherwise be beyond their reach (Qin

et al., 2024).

For these businesses, the inability to measure marketing effectiveness
accurately is not an abstract methodological inconvenience. It is a material
business risk. Without reliable attribution, spending decisions tend to de-
fault to what is easy to measure rather than what is genuinely effective (Fil-
ippou et al., 2024). The consequence is not only financial inefficiency but a

systematic undervaluation of marketing activities whose contributions mani-
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fest over longer time horizons and through indirect pathways. Most notably,
brand-building investments and impression-first channels never generate a
measurable click yet play a decisive role in shaping purchase intent(Morgan
et al., 2002; Rust et al., 2004).

This thesis is motivated by these structural gaps. It begins from the
practical reality that most small and mid-sized businesses possess only ag-
gregated, channel-level data. From this constrained data environment, the
thesis develops and validates a series of statistical modelling approaches
that reveal the causal and associative relationships among marketing chan-
nels and outcomes. It offers a scalable, privacy-compliant, and practically

actionable framework for marketing measurement.

1.2 Aims and objectives

The preceding section established that marketing measurement faces three
intersecting challenges: the fragmented, multi-channel nature of modern
digital consumer journeys; the temporal complexity introduced by adver-
tising carryover and delayed effects; and the progressive erosion of user-
level tracking data due to privacy regulation and platform-level restrictions.
Taken together, these challenges leave a significant gap between what prac-
titioners need to know the true incremental contribution of each marketing
channel and what conventional attribution models are able to reliably de-

liver.

This thesis aims to address that gap through a programme of empir-
ical and methodological research conducted in stages of increasing gener-
ality. Beginning from the established observation that digital marketing
channels are interdependent (Naik and Raman, 2003; Kireyev et al., 2016),
and extending through the practical constraints facing data-limited organ-
isations (European Commission, 2023; Kamena, 2021), the thesis develops
and validates a series of models that together constitute a coherent, privacy-
compatible approach to marketing attribution. The overarching aim is to

equip practitioners with rigorous, replicable tools for measuring the effec-
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tiveness and efficiency of their marketing investments.
The thesis is structured around four specific objectives, each correspond-
ing to one of the published studies and each building on the evidence and

limitations identified by its predecessors.

Objective 1:Establish the Cross-Channel Influence of Web
Traffic on Direct Traffic Purchases

The first objective is to investigate whether, and to what extent, web traffic
generated through individual digital marketing channels is associated with
conversion activity attributed to the direct traffic source. Direct traffic is
the single largest source of website visits (Bianchi, 2022a) and a meaningful
contributor to e-commerce revenue (Kakalejcik et al., 2020).

Despite its importance, direct receives credit as a traffic source but man-
agers cannot action on that insight. Whether direct traffic appears at the
beginning, middle, or end of a conversion path, its presence in any attri-
bution report offers little strategic direction. Managers cannot optimise
a channel they cannot influence. Direct traffic is, by nature, a terminal
channel. The point at which a user arrives and converts. Yet attribution
frameworks treat it as a destination without interrogating its origin. The
critical question is not how much credit direct deserves, but rather what
drove the user there in the first place. Understanding the antecedents of
direct traffic, rather than simply crediting it, is what enables managerial
action and moves attribution from a descriptive exercise to a diagnostic
one.

This exclusion is not merely a technical limitation; it represents a sub-
stantive measurement failure, because the direct traffic channel is under-
stood to aggregate a heterogeneous mix of return visits, branded naviga-
tional searches, and conversions that were originally influenced by earlier,
untracked touchpoints (Skow, 2023; Romero Leguina et al., 2020).

The consequence is that performance marketing channels are likely to
receive artificially truncated attribution credit. Credit that ends at the last

click recorded in the session, while the downstream conversion is assigned



to a source that appears, misleadingly, to be channel-independent.

To address this, the first study analyses 89,394 purchase-level observa-
tions from a European e-commerce retailer and applies linear regression
with multicollinearity and autocorrelation diagnostics to quantify the as-
sociations between channel-specific web traffic sessions and purchases com-
pleted via the direct traffic source (Filippou et al., 2024). The objective
is specifically motivated by the call in the attribution literature for empir-
ical evidence of cross-channel spillover effects (Kannan et al., 2016; Li and
Kannan, 2014) and by the recognition that path-incomplete attribution sub-
stantially misrepresents channel value in practice (Danaher and van Heerde,

2018; Berman, 2018).

Objective 2: Examine the Effect of Performance Media

Investment on Organic Branded Search Activity

The second objective is to determine whether investment in lower-funnel,
performance-oriented digital advertising generates measurable brand aware-
ness effects, as operationalised through organic branded keyword search
volume. The separation of brand-building and performance objectives in
digital media planning is deeply embedded in industry practice, yet has
limited empirical support. Prior research has demonstrated that offline ad-
vertising: television in particular, drives online search activity (Joo et al.,
2014, 2016; Chandrasekaran et al., 2018). Similarly, display advertising in-
fluences paid search (Kireyev et al., 2016; Zenetti et al., 2014). However,
the question of whether performance campaigns, including paid social, paid
search, display, and comparison channels, generate organic branded searches
as a downstream effect has received substantially less attention. Branded
search is itself a theoretically important metric: it reflects active consumer
intent and brand recall (Srinivasan et al., 2005; Bernarto et al., 2020), and
is understood to be a leading indicator of brand equity (Oh et al., 2020).
To address this objective, the second study applies ridge regression (Ho-
erl and Kennard, 1970) with adstock transformation (Gijsenberg et al.,

2011) to weekly marketing investment and branded search data from a Eu-
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ropean e-commerce business operating across five countries. The use of
adstock transformation is theoretically motivated by the recognition that
advertising effects decay over time (Naik and Raman, 2003; Pauwels et al.,
2004) and that models which ignore this temporal dimension will misesti-
mate the relationship between media investment and brand-level outcomes.
The specific choice of ridge regression responds to the documented mul-
ticollinearity among digital media channels (Polat and Gunay, 2015; Ma
et al., 2019), and aligns with the broader literature on regression-based

methodologies (Jin et al., 2017).

Objective 3: Develop a Causal Attribution Framework
Operating on Aggregated Impression-Level Data

The third and central methodological objective of the thesis is to design,
implement, and theoretically ground a novel marketing attribution frame-
work that derives channel-level contribution estimates from aggregated,
impression-level time-series data, without recourse to user identifiers, click
logs, or individual conversion paths.

Existing data-driven attribution models whether path-based (Shao and
Li, 2011; Kakalejcik et al., 2018), survival-theoretic (Zhang et al., 2014),
Shapley-value-based (Zhao et al., 2018; Papapetrou et al., 2011), or deep
learning-based (Arava et al., 2018; Ren et al., 2018) share a common depen-
dency on user-level data. This dependency is increasingly difficult to satisfy.
The GDPR (Li et al., 2019a; Zacem and Barber, 2020), the CCPA (Bonta,
2022a), Apple’s i0OS 14 AppTrackingTransparency framework (Sokol and
Zhu, 2021), and the deprecation of third-party cookies (Oksanen, 2022; Ka-
mena, 2021) have collectively and materially restricted the availability of
granular tracking data across the EU and beyond. The result is a structural
misalignment between the data requirements of the dominant attribution
paradigm and the data that is actually available to the majority of digital
advertisers.

This objective directly responds to that misalignment. Drawing on the

causal inference literature (Pearl, 2009¢; Imbens and Rubin, 2015) and on
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recent advances in constraint-based temporal causal discovery (Runge et al.,
2019; Shojaie and Fox, 2022), the third study develops the Causal-Driven
Attribution (CDA) framework: a two-stage pipeline that first identifies the
causal structure among marketing channels and conversion metrics using the
PCMCI algorithm, and then estimates each channel’s incremental causal
effect through Monte Carlo simulation of Conditional Average Treatment
Effects within a Structural Causal Model (Filippou, Quach, Lenghel, White
and Jha, 2025). The framework is motivated theoretically by the reconcep-
tualisation of attribution as a causal inference problem (Dalessandro et al.,
2012; Hair Jr. and Sarstedt, 2021; Zhou et al., 2023) and practically by the
need for an approach that remains operable under conditions of privacy-

enforced data scarcity.

Objective 4: Evaluate Attribution Model Performance

Through Simulation-Based Benchmarking

The fourth objective is to establish a rigorous, reproducible evaluation
framework for the CDA model and to assess its performance across a range
of causal graph complexities and conditions of structural uncertainty. A per-
sistent limitation of the attribution modelling literature is the absence of
ground-truth validation. In real-world settings, the true causal contribution
of each channel is unobservable, making it impossible to assess model accu-
racy directly (Zhao, Mahboobi and Bagheri, 2019; Yao et al., 2022). Prior
work has addressed this limitation through randomised field experiments
(Johnson, 2023; Reiley et al., 2012), but such experiments are expensive,
disruptive to normal business operations, and practically infeasible for the
SME-scale organisations that are the primary audience of this thesis. An
alternative, well-established approach is to generate synthetic data through
a Structural Equation Model with predefined parameters (lacobucci, 2009;
Herman et al., 2025), so that ground-truth channel effects are known by
design and model estimates can be evaluated against them.

To this end, the fourth objective involves the construction of a simu-

lation environment that generates synthetic marketing datasets across five
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levels of causal graph complexity, with ground-truth channel contributions
derived from the data-generating process. Model performance is evaluated
using a multi-metric framework. It includes: causal effect estimation qual-
ity, relative RMSE, MAPE, Spearman rank correlation, causal graph re-
covery AUC, true and false positive rates, and structural graph distance
metrics SHD and SID (Cheng et al., 2022; Tsamardinos et al., 2006). This
evaluation design responds directly to calls for more transparent and com-
prehensive benchmarking standards in the attribution literature (Buhalis
and Volchek, 2021; Gaur and Bharti, 2020) and provides a template that
can be extended to assess competing attribution methods under controlled,

comparable conditions.

The four objectives of the thesis are logically sequential and mutually
reinforcing. The first two establish, on real data, that cross-channel ef-
fects are both directional and measurable, motivating the need for attribu-
tion frameworks sensitive to channel interdependencies. The third devel-
ops a novel framework capable of recovering these interdependencies under
privacy-constrained conditions. The fourth validates the framework through
rigorous simulation benchmarking, establishing the conditions under which
it can be reliably applied. Together, they constitute a progressive empirical
and methodological programme aimed at advancing the state of marketing

attribution practice for the privacy-constrained digital environment.

1.3 Contributions

This thesis makes contributions across four interconnected dimensions: em-
pirical, methodological, theoretical, and practical. Together, they advance
the field of marketing attribution and measurement, with particular rele-
vance to organisations operating in privacy-constrained and resource-limited

environments.



1.3.1 Empirical Contributions

The thesis contributes three substantive empirical findings to the market-
ing analytics literature, each grounded in real business data or large-scale

simulation.

First, it establishes that web traffic generated through specific digital
marketing channels is positively associated with purchases made through the
direct traffic source. The largest single source of website visits globally, yet
one systematically excluded from conventional attribution credit (Bianchi,
2022a; Kakalejéik et al., 2020). Analysing 89,394 purchase-level observations
from a European e-commerce retailer, the thesis demonstrates that sessions
originating from Google paid search, price comparison engines, and email
marketing collectively explain 61% of the variance in direct traffic purchases
(Filippou et al., 2024). This provides empirical grounding for the widely
held but under-evidenced hypothesis that indirect digital channels influence
conversion outcomes through pathways that standard attribution systems
cannot detect (Kannan et al., 2016; Berman, 2018).

Second, the thesis provides evidence that lower-funnel, performance-
oriented advertising campaigns- can generate measurable brand awareness
effects, as captured through organic branded keyword search activity (Fil-
ippou, Georgiadis and Jha, 2025). Using data from a European e-commerce
business operating across five countries with an annual media budget ex-
ceeding €3 million, the analysis demonstrates that every major performance
channel drives branded searches at a statistically significant level, with so-
cial media investment yielding the largest effect. This finding challenges
the conventional separation of brand-building and performance objectives
in digital advertising planning (Oh et al., 2020; Srinivasan et al., 2005)
and offers direct empirical evidence that the indirect effects of performance
campaigns are both real and measurable.

Third, at the aggregate simulation level, the thesis provides large-scale
empirical evidence across 1,000 synthetic datasets. The datasets span five
levels of causal graph complexity that channel-level attribution can be re-

covered from aggregated impression data with meaningful accuracy using
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a causal inference pipeline. Under the true causal graph, the framework
achieves a relative RMSE of 9.50% and a Spearman rank correlation of 0.89
with ground-truth channel effects. Even when the causal graph must be in-
ferred entirely from data, the framework achieves a relative RMSE of 24.23%
while retaining a Spearman correlation of 0.53, demonstrating practically
useful signal recovery under conditions of structural uncertainty (Filippou,

Quach, Lenghel, White and Jha, 2025).

1.3.2 Methodological Contributions

The thesis introduces and validates several methodological innovations in
the measurement of marketing effectiveness.

The first methodological contribution is the novel combination of ridge
regression with adstock transformation for the purpose of measuring cross-
channel marketing dynamics in a branded search context. While ridge re-
gression has been applied to marketing data to address multicollinearity
(Hoerl and Kennard, 1970; Polat and Gunay, 2015), and adstock transfor-
mation is well established in econometric modelling of advertising carryover
effects (Gijsenberg et al., 2011; Naik and Raman, 2003), this thesis is the
first to combine these two techniques to jointly address collinearity and
temporal autocorrelation in this setting. The combination increases ex-
planatory power substantially—raising R? from 0.658 to 0.768 relative to a
standard linear model-—while stabilising residual variance and providing a
more faithful representation of advertising’s fading effects over time (Filip-
pou, Georgiadis and Jha, 2025).

The second methodological contribution is the development of the Causal-
Driven Attribution (CDA) framework: a two-stage pipeline that integrates
temporal causal discovery using the PCMCI algorithm (Runge et al., 2019)
with causal effect estimation via a Structural Causal Model implemented in
the DoWhy framework (Pearl, 2009a). Unlike all prior attribution method-
ologies, CDA operates exclusively on aggregated, impression-level time-
series data, requiring no user identifiers, click sequences, or path-level be-

havioural records. The framework recovers directional causal relationships
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among marketing channels and quantifies each channel’s incremental con-
tribution to conversions through Monte Carlo estimation of Conditional Av-
erage Treatment Effects (Filippou, Quach, Lenghel, White and Jha, 2025).
This positions CDA as the first impression-only causal attribution frame-
work in the literature, directly addressing the structural data scarcity im-
posed by contemporary privacy regulation (Li et al., 2019a; Zaeem and
Barber, 2020; Sokol and Zhu, 2021; Oksanen, 2022).

The third methodological contribution is a comprehensive simulation-
based benchmarking framework for evaluating attribution models under
controlled causal conditions. By generating synthetic datasets through a
Structural Equation Modelling simulation with predefined causal graphs
(Tacobucci, 2009; Herman et al., 2025), the thesis establishes a reproducible
evaluation environment in which ground-truth channel effects are known by
design. The framework assesses performance across six complementary met-
rics spanning both causal effect estimation quality—relative RMSE, MAPE,
and Spearman rank correlation—and causal graph recovery accuracy—AUC,
true and false positive rates, SHD, and SID (Cheng et al., 2022; Tsamardi-
nos et al., 2006). This addresses a longstanding gap in the attribution
literature, where the absence of observable ground truth in real-world data
has historically precluded rigorous model validation (Yao et al., 2022; Zhao,

Hua, Yan, Zhang, Xu and Yang, 2019).

1.3.3 Theoretical Contributions

The thesis advances attribution theory in several important respects.

It reconceptualises marketing attribution as a causal inference problem
rather than a correlational measurement exercise (Hair Jr. and Sarstedt,
2021; Zhou et al., 2023; Dalessandro et al., 2012). By operationalising this
shift through a unified pipeline of causal discovery and causal effect quantifi-
cation, the thesis demonstrates that causal attribution can be achieved from
aggregated data alone, extending prior theoretical arguments that had not
been practically validated at this level of methodological integration. This

represents a direct contribution to the growing body of work treating mar-
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keting measurement through the lens of the potential outcomes framework
and structural causal modelling (Pearl, 2009¢; Imbens and Rubin, 2015).

The thesis also contributes to the theory of cross-channel marketing
dynamics by providing multi-study empirical evidence that the consumer
journey contains substantial delayed and indirect effects that current mea-
surement paradigms systematically underestimate. Performance campaigns
produce brand awareness effects; paid channels influence direct traffic con-
versions; impression-first platforms shape downstream behaviour without
generating traceable clicks. Collectively, these findings support a theoret-
ical reframing of the consumer journey as a causally interconnected sys-
tem (Naik and Raman, 2003; Pauwels et al., 2004; Schweidel, Bart, Inman,
Stephen, Libai, Andrews et al., 2022) rather than a sequence of discrete,
independently attributable touchpoints—consistent with calls in the litera-
ture for more structurally informed approaches to marketing measurement
(Buhalis and Volchek, 2021; Gaur and Bharti, 2020).

Finally, the thesis addresses the privacy-attribution paradox: the grow-
ing divergence between the increasing analytical need for sophisticated at-
tribution and the decreasing availability of the granular data on which con-
ventional models depend. By demonstrating that meaningful attribution
signal can be recovered from aggregated impression data using causal in-
ference methods, the thesis establishes a theoretical proof of concept for a
new generation of privacy-preserving attribution frameworks that do not
require the erosion of user privacy as a precondition for effective marketing

measurement.

1.3.4 Practical Contributions

Beyond academic contributions, this thesis produces several outputs of di-
rect value to marketing practitioners, particularly within small and medium-
sized enterprises.

The thesis provides a replicable modelling framework, combining ad-
stock transformation with ridge regression. Practitioners can apply to their

own channel data to measure the indirect branding effects of performance
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campaigns. The framework requires only standard aggregated analytics
data, involves no proprietary infrastructure, and has been validated on real
business data across multiple EU markets, making it immediately action-
able for organisations without specialist data science resources (European
Commission, 2023).

It provides the CDA framework as a scalable, computationally lightweight
approach to privacy-compliant attribution that can be applied wherever ag-
gregated impression and conversion time series are available. This is par-
ticularly relevant for industries subject to strict data protection regulation
including healthcare, pharmaceuticals, telecommunications, and education
(Onifade et al., 2021; Seth and Ramakrishnan, 2025)—as well as for any
organisation facing the practical consequences of cookie deprecation and
platform-level tracking restrictions (Kamena, 2021).

More broadly, the thesis equips marketing decision-makers with quanti-
tative tools and interpretive frameworks that move beyond the surface-level
metrics provided by standard digital analytics platforms, enabling more in-
formed budget allocation, a more holistic understanding of channel interde-
pendencies, and a more accurate assessment of the full-funnel contribution
of each marketing investment. Given that direct experimental validation
of channel contribution remains costly and operationally disruptive (John-
son, 2023), the observational and simulation-based methodologies developed
here offer a practical alternative for organisations that cannot or do not run

large-scale randomised media experiments.

1.4 Structure of the Thesis

The remainder of this thesis is organised into four chapters, each corre-
sponding to a distinct phase of the research programme.

Chapter 2 presents the first empirical study, published in Marketing
Letters (Filippou et al., 2024). The study investigates whether web traffic
generated through specific digital marketing channels is associated with pur-

chases completed via the direct traffic source, using 89,394 purchase-level
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observations from a Furopean e-commerce retailer. The chapter details
the conceptual framework, data collection procedures, regression modelling
approach, and diagnostic tests for multicollinearity and autocorrelation, be-
fore reporting and interpreting the findings. It concludes by discussing the
attribution implications of cross-channel influence on direct traffic and iden-

tifying limitations that motivate the subsequent study.

Chapter 3 presents the second empirical study, published in the Journal
of Marketing Analytics (Filippou, Georgiadis and Jha, 2025). Building on
the evidence in Chapter 3 that channel effects extend beyond their directly
attributed conversions, this study examines whether lower-funnel perfor-
mance media investments generate measurable brand awareness effects, as
captured through organic branded keyword search activity. The chapter
introduces the adstock transformation and ridge regression methodology,
describes the data from a five-country European e-commerce business, and
presents the modelling results. It then discusses the theoretical and practi-
cal implications of performance-to-brand spillover for media planning and
attribution, and identifies the principal limitation that motivates the third
study: the continued dependence on channel-level data only partially avail-

able under contemporary privacy constraints.

Chapter 4 presents the third and central methodological contribution of
the thesis: the Causal-Driven Attribution (CDA) framework. This chapter
describes the design and implementation of the two-stage pipeline combin-
ing PCMClI-based temporal causal discovery with Structural Causal Model-
based effect estimation, and the simulation benchmarking study used to
evaluate it across 1,000 synthetic datasets and five levels of causal graph
complexity. The chapter details the data-generating process, the evaluation
metrics, and the results under both oracle and estimated graph conditions,
before situating the framework within the broader causal attribution litera-
ture (Dalessandro et al., 2012; Yao et al., 2022; Hair Jr. and Sarstedt, 2021)

and discussing its practical scope and limitations.

Chapter 5 provides the concluding discussion of the thesis. It synthe-

sises the findings across all three studies and reflects on how, taken together,
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they advance the empirical, methodological, theoretical, and practical con-
tributions. The chapter discusses the broader implications of the thesis
for marketing measurement practice in a privacy-constrained environment,
considers the limitations of the work as a whole, and proposes directions for
future research. It closes with a reflection on the thesis’s overarching argu-
ment: that meaningful, causally grounded attribution is achievable without
user-level data, and that this represents a viable and necessary path forward
for the field.

The structure of this thesis is shown in Figure 1.1.



FIGURE 1.1
Research Roadmap: Four Sequential Objectives

From Cross-Channel Correlation to Privacy-

ompliant Causal Attribution

"What is the best use of our advertising budget, and how can we measure it without user-
level data?"

g question motivating all four objec

The unify

OBJECTIVE 1 - MARKETING LETTERS (2024)

Establishing Cross-Channel Interdependencies
Does web traffic from digital channels influence purchases attributed to direct traffic?

The first step is to establish that channels interact at all. Using 89,394 purchase-level
observations from a European e-commerce retailer, this study shows that performance channels
shape outcomes credited to no channel by conventional analytics.

Linear regression | 89,394 observations | Multicollinearity diagnostics

Google Paid Search, price comparison, and email explain 61% of variance in direct traffic purchases,
confirming that attribution credit is systematically misassigned.

OBJECTIVE 2 - JOURNAL OF MARKETING ANALYTICS (2025)
Uncovering Brand Spillover from Performance Campaigns

Do lower-funnel media investments generate measurable spillover onto organic branded
search?

Building on Objective 1, this study asks how far channel effects extend. Across a five-country
European business with over 3M euros in annual media spend, performance campaigns are
shown to actively build brand awareness beyond their attributed conversions.

Ridge regression | Adstock transformation | 5-country dataset

Every major performance channel drives branded search at a significant level. R2 improves from
0.658 to 0.768 with adstock inclusion.

——————— EMPIRICAL EVIDENCE MOTIVATES METHODOLOGICAL RESPONSE - - - - - - -
OBJECTIVE 3 - CDA FRAMEWORK (2025)
A Causal Attribution Framework Without User-Level Data
Can channel influence be estimated causally from aggregated impression data alone?

Objectives 1 and 2 reveal what conventional attribution cannot measure. Objective 3 responds
by developing the Causal-Driven Attribution (CDA) framework: a two-stage pipeline combining
PCMCI causal discovery with Structural Causal Model estimation, operating entirely on
aggregated impression time series.

PCMCI algerithm | Structural Causal Model | Ne wser identifiers required | GDPR-compliant

The first impression-only causal attribution framework in the literature, requiring no click paths or
cookie data, directly addressing the privacy-attribution paradox.

OBJECTIVE 4 - SIMULATION BENCHMARKING (2025)
Validating the Framework Under Controlled Conditions

How accurately does CDA recover ground-truth channel effects across varying causal
complexity?

Because true channel contributions are unobservable in real-world data, Objective 4 generates
1,000 synthetic datasets across five causal graph complexity levels with predefined ground-truth
effects, assessing CDA across seven complementary metrics.

1,000 synthetic datasets | 5 complexity levels | RMSE - MAPE - AUC - SHD - SID

Under the true causal graph: relative RMSE = 9.50%, Spearman rho = 0.89. Under the inferred
graph: rho = 0.53, demonstrating robust signal recovery under structural uncertainty.

Figure 1.1: Research roadmap illustrating the four sequential objectives of
the thesis, from establishing cross-channel interdependencies to validating
a privacy-compliant causal attribution framework.



Establishing the link: Does web traffic from
various marketing channels influence direct

traffic source purchases?

Abstract

Marketing professionals and business owners strive to evaluate the effec-
tiveness of their marketing investments. With multiple marketing channels
at their disposal, understanding how these channels interact and influence
each other is crucial. Digital analytics tools, such as Google Analytics,
tend to measure the isolated success of each marketing channel. However,
the intertwined effects and interdependencies between channels are often
undervalued. This study, therefore, ventures into this territory. It focuses
on the association between website traffic from various digital marketing
channels and the purchases made by users visiting websites through direct
traffic sources. We analysed 89,394 purchases from an e-commerce business
in Europe. We conclude that three marketing channels can explain 61%
of the variance. By shedding light on this overlooked aspect, we aim to
guide advertisers toward a more holistic understanding of digital marketing
channels.

2.1 Introduction

Global digital ad spending is predicted to exceed 626 billion USD in 2023
(Cramer-Flood, 2023), emphasising the role digital advertising holds for
businesses. Advertisers have an array of marketing channels at their dis-

posal, each with its distinct characteristics and advantages. Understanding
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the interactions and dynamics between these channels is important for ef-

fective marketing strategies.

While choosing marketing channels is critical, understanding the various
traffic sources — how customers find and access websites — offers valuable
insights (Wymbs, 2011). Users can visit websites through different sources,
including paid search, organic search, social media, email, referral links, or
direct entry of the URL. Each source reflects a different user behaviour and

intent and plays a role in the customer’s journey toward a purchase.

To navigate this complex environment, advertisers utilise different data
strategies (Bhargava et al., 2020). Many of these strategies are provided
by marketing technology, known as Martech. Martech consists of a broad
array of software and tools that marketing professionals use to plan, execute,
and measure marketing activities (Baltes, 2017; Brinker and Baldwin, 2020).
However, the complexity of the customer journey and the potential for cross-
channel interactions may present challenges for Martech tools in providing

a complete picture of marketing effectiveness.

Using an observational method, we find a strong association between
website visits from various channels and purchases from direct traffic sources.
Although similar studies have used the same methodology, they have focused
on different outcomes. Our study specifically investigates how sessions from
multiple digital marketing channels influence purchases from direct traffic

sources, which is an underexplored area in the existing literature.

This research seeks to contribute to the body of literature by addressing
the understanding of digital marketing channel dynamics, particularly their
influence on direct traffic. It provides practical insights and implications for
marketers and businesses in the digital landscape. The following sections re-
view relevant literature, present our hypotheses, describe our methodology,

report results, and discuss their implications.
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2.2 Theoretical background

The present section explores the literature surrounding marketing synergies,

web attribution, and the consumer journey.

2.2.1 Marketing synergies and cross-media

Marketing synergies are the mutual enhancement of various marketing ac-
tivities” impacts (Naik and Peters, 2009). Marketing synergies have been a
research subject for decades, as understanding the effect of combined mar-
keting channels can help advertisers plan more effective strategies (Edell
and Keller, 1989; Naik and Raman, 2003).

The interactive effects of various media can enhance the overall per-
formance of campaigns and improve key performance indicators (KPIs),
ultimately influencing consumers’ buying decisions (Chang and Thorson,
2004). For instance, Havlena et al. (2007) studied the isolated and syner-
gistic effects of exposure frequency for TV, print, and internet advertising.
They demonstrated that cross-media synergies could be quantified, provid-
ing a basis for understanding how different marketing channels interact and
influence each other. These synergies can be particularly important for dig-
ital channels, where users frequently interact with multiple platforms and

devices before making a purchase (Brookman et al., 2017).

2.2.2 Web attribution

Web attribution is a fundamental component of digital marketing, offer-
ing insights into which channels, touchpoints, and actions lead to a de-
sired outcome on a website. Kitts et al. (2010) elaborates on how web
attribution allows advertisers to understand the value of their marketing
channels by assigning credit to each touchpoint in the customer journey.
This method helps identify the most effective marketing channels, thereby
improving decision-making and resource allocation.

More recent attribution models are data driven. These models leverage

advanced analytics and machine learning algorithms to dynamically allocate



credit based on patterns and trends in the data (Shao and Li, 2011). For
instance, Anderl et al. (2016) propose a graph-based model that captures the
sequence of customer interactions with different marketing channels. This
model could provide more accurate attribution by considering the order
and the content of customer interactions. Despite these advancements, the
impact of indirect channels, specifically direct traffic, on purchase behaviour

has received limited attention in the web attribution literature (Kannan

et al., 2016).

2.2.3 Consumer journey

The consumer journey is the sequence of interactions or touchpoints a con-
sumer has with a brand before reaching a specific outcome, such as purchas-
ing (Hamilton and Price, 2019). This dynamic journey varies greatly among
individuals and is influenced by a multitude of factors, including the adver-
tising channels they encounter, the content they view, and their personal
preferences and experiences (Malter et al., 2020). In the digital era, con-
sumers interact with various online channels, such as social media, search
engines, and email campaigns, each contributing to the overall consumer

journey (Verhoef et al., 2015).

Website traffic plays a significant role in this modern consumer journey.
A website acts as a central hub that provides information about products
or services and as a platform for transaction completion. Various marketing
channels funnel users to this hub, each contributing to the consumer journey
in unique ways. Direct traffic, where users type in a web address or use
a bookmark, is often an indicator of a more committed consumer, as it
suggests prior knowledge or a direct intent to visit the website (Skow, 2023).
However, the relationship between direct traffic and purchases from other
marketing channels is complex and not yet fully explored in the literature

(Kakalejcik et al., 2020).



2.3 Hypothesis development

In today’s digital landscape, understanding digital marketing channels and
their influences on consumer behaviour is pivotal. Some might argue that
advertisements have minimal impact on conversions “but for” the users who
were predisposed to purchase (Lambrecht and Tucker, 2013). However,
the broader body of marketing literature suggests that advertising does
indeed impact consumer behaviour, including online purchasing (Bleier and
Fisenbeiss, 2015). Moreover, Lovett and Staelin (2016) provide evidence
that paid media can drive direct traffic to a website, which, in turn, may
lead to increased purchases.

This first hypothesis of our study is in contrast to previous studies, such
as those by Plaza (2011), Omidvar et al. (2011), Milano et al. (2011), and
Awichanirost and Phumchusri (2020), which primarily focused on different
outcomes, such as website sessions or page views, rather than direct pur-
chases. Our study focuses specifically on the relationship between website
traffic from multiple marketing channels and direct traffic purchases. We

propose the following hypothesis:

H1: Website sessions wnitiated through digital marketing chan-
nels are positively associated with purchases generated via direct

traffic sources.

While our first hypothesis involves the relationship between website vis-
its and direct purchases, our second hypothesis is about the nature of this
relationship. Existing research indicates that certain marketing channels
have a more significant impact on consumer behaviour than others (Da-
lessandro et al., 2012; Kireyev et al., 2016). The digital marketing landscape
is complex, with multiple channels each playing distinct roles in the con-
sumer journey (Neslin and Shankar, 2009). As such, it is plausible that some
channels have a more prominent association with direct traffic purchases.

We therefore propose:

H2: Among the business channel miz, certain marketing chan-

nels (website sessions) have a higher association with purchases
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from direct traffic sources than others.

2.4 Methods

Researchers employ experimental research methods to establish and under-
stand causal relationships. However, implementing such methodologies can
sometimes be difficult or impossible (Johnson, 2023). The use of obser-
vational methods, while less able to establish causality, allows researchers
to examine data in a less controlled yet more natural setting. When deal-
ing with observational data, it is necessary to use analytical methods that
can account for the inherent variability and complexity of real-world data

(Asamoah, 2014).

2.4.1 Data

The data represent website performance from an e-commerce website oper-
ating in the European Union. The business requested to remain anonymous
but shared access to their Google Analytics (G.A.) account. The product
category sold is household goods, and the website operates in English.

Although the business received orders from 38 countries, we decided to
focus on Europe (17 countries), as the number of purchases outside Europe
was insignificant.

We gathered time-series data using Google Analytics for 180 days from
August 2022 to January 2023. Following the cleaning process, the final
report consists of a traffic report with sources, medium breakdown, and
date. Table 2.1 presents the final dataset variables.

The final dataset consists of 7 columns. In the first one, we have Date.
Then, we find the purchases from the direct traffic source (purchases.direct),
which act as the response variable (y). The following five columns are
our explanatory variables (xi,...,zs5): sessions from Google paid search
(google_paid_sessions), sessions from price comparison engines (price_-
comparison), sessions from email marketing (email_sessions), sessions

from organic search (organic_sessions), and sessions from social media
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(social_sessions).

Table 2.1: Dataset variables and descriptions

Variable Type Description
Date Date Daily observation date
purchases.direct Response Purchases via direct traffic source
google_paid_sessions Explanatory Sessions from Google paid search
price_comparison Explanatory Sessions from price comparison engines
email_sessions Explanatory Sessions from email marketing
organic_sessions Explanatory Sessions from organic search
social_sessions Explanatory Sessions from social media

2.4.2 Model

Digital marketing researchers can benefit from linear regression models to
establish relationships among variables (Leeflang and Wittink, 2000). By
employing a linear regression model, we can quantify the association be-
tween website sessions from different marketing channels (independent vari-
ables) and direct traffic purchases (dependent variable). The general form

of the linear regression model is:

where y is the response variable (direct purchases), x1, ..., x, are the several
channels performing as explanatory variables, 3; are the regression coeffi-
cients, and ¢ is the random error, which is often assumed to be normally

distributed with mean zero and constant variance (James et al., 2013).

2.5 Results

Figure 2.1 shows the plots generated in R between the independent variables
and several dependent variables. The plots showcase the observed relation-
ship, and although further analysis is needed, there is a positive association
between the independent and dependent variables.

In total, 16 models were created and evaluated. The best-performing

model, Model 10, offers the highest R? (0.5344), and all coefficients are
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Figure 2.1: Dependent and independent variables (scatter plots)

statistically significant at the 0.001 level. As we will see in Section 2.5.1,
after removing outliers the R? improves further to 0.613. Model 10 uses
three explanatory variables: google_paid_sessions, price_comparison,
and email_sessions. Table 2.2 presents the coefficient estimates.

The statistically significant relationship between direct purchases and
our independent variables is still evident upon adjusting the initial model’s
variables by a scaling factor of 100 to facilitate interpretation. An increase of
100 sessions in google_paid_sessions results in 3.1 more direct purchases,
a 100-unit increase in price_comparison results in 13.36 more direct pur-
chases, and a 100-unit increase in email_sessions results in 6.7 more direct

purchases.

Table 2.2: Model 10 — coeflicient estimates (scaled by factor of 100)

Variable Estimate Std. Error Significance
(Intercept) 4.08 1.14 < 0.001
google_paid_sessions 3.10 0.48 < 0.001
price_comparison 13.36 2.21 < 0.001
email_sessions 6.70 1.09 < 0.001

R? = 0.613 (after outlier removal); F-statistic: p < 0.001

Leveraging the linear regression model and the adjusted proportions of
daily average sessions from each channel, we can estimate the collective cor-

relation of the predictors on direct purchases. Specifically, three channels —
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google_paid_sessions, price_comparison, and email_sessions — col-
lectively explain 61% of the variance in direct traffic purchases, supporting
H1 and H2.

These results could be attributed to a specific consumer behaviour pat-
tern observed in digital marketing: users initially exposed to an advertise-
ment via one of these three marketing channels often return later through
a direct visit to complete their purchase (Bianchi, 2022a; Moe and Fader,
2004). This behaviour is consistent with a multi-step purchase process in
which awareness is generated through paid or comparison channels and con-
version occurs via a subsequent direct visit (Edelman, 2010; Google Ana-
lytics Help Center, 2023).

Indeed, data from the business’s G.A. corroborate this narrative. They
show that 8.45% of users visit the website for the first time directly. This
implies that the vast majority of users (over 90%) must have reached the
website through other channels prior to making a direct visit, reinforcing
the cross-channel influence captured in our model (Bucklin and Sismeiro,

2009).

2.5.1 Model evaluation

When linear regression models are used, diagnostics for the model are essen-
tial to check the validity of the model. Therefore, standardised residuals and
fitted values were checked to determine the model’s assumptions (Sheather,
2009).

Figure 2.2 shows that there are outliers in the model. Therefore, we use
standardised residuals (Sheather, 2009). Values outside the range [—2, 2] are
considered outliers and were therefore excluded. The new model reveals an
improved R? of 0.613. Figure 2.3 presents the diagnostic plots after outlier
removal.

For multicollinearity, we use the variance inflation factor (VIF) process.
The results were not concerning, with VIF(google_paid_sessions) = 1.275
and with VIF(google_paid_sessions) = 1.275 and VIF(price_compari-
son) = 1.277, indicating no multicollinearity (Akinwande et al., 2015).
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Figure 2.2: Fitted vs. Residuals and Normal Q—Q plot, Model 10
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Figure 2.3: Fitted vs. Residuals and Normal Q—Q plot, Model 10 without
outliers

Regarding autocorrelation, we performed the Durbin—Watson test (Du-
four et al., 1980). The test did not reveal significant autocorrelation in the
residuals (DW = 1.89), so no correction was required. This is consistent
with Chatfield and Xing (2019), who note that daily retail data often show

limited first-order autocorrelation once seasonal effects are controlled.

The next step is to understand whether the results are driven by season-
ality. Seasonality presents a challenge in linear regression models because it
introduces a systematic pattern of variation in the dependent variable (Hyn-
dman and Athanasopoulos, 2018). We created a model using Week Number
as the sole explanatory variable to assess whether sales are driven by time
rather than the marketing channel sessions identified in Model 10. Week 1
represents the first week of the dataset, and Week 26 represents the last.

This model reports a negative coefficient estimate for Week Number (—2.53),
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which is statistically significant, suggesting that direct purchases decreased
slightly over time. However, with an R? of only 0.048, time explains far less
variance than the three channel variables in Model 10, confirming that our

findings are not simply an artefact of seasonality.

2.6 Discussion and conclusion

Our research contributes to three primary areas: academic literature, man-
agerial practices, and marketing practitioners. From an academic perspec-
tive, our study bridges a gap in the current body of knowledge by investigat-
ing the relationship between various digital marketing channel sessions and
direct traffic purchases. We provide empirical evidence that certain market-
ing channels are significantly associated with direct traffic purchases, adding
a new dimension to the understanding of cross-channel dynamics in digital
marketing (Dalessandro et al., 2012; Kireyev et al., 2016).

Our study outlines the importance of a more holistic approach to under-
standing web purchases from specific channels for managers. Li and Kannan
(2014) claim that data-driven models can capture correlations between mar-
keting touchpoints and purchase behaviour that are often missed by simpler
attribution models. Our findings corroborate this, demonstrating that paid
search, price comparison engines, and email marketing channels collectively
explain a substantial proportion of the variance in direct traffic purchases.
This provides managers with actionable insights for budget allocation across
channels.

Finally, for marketing professionals, our work highlights an existing is-
sue, revealing how specific digital channels might interrelate with each other,
affecting the outcome of direct traffic purchases. As Xu et al. (2014) argue,
the customer journey is not a single-step process, but a series of touchpoints
leading to a purchase. Our study supports this view, showing that users
engage with multiple channels before converting via the direct traffic source.

Our study has limitations inherent to using regression analysis for mar-

keting research (Simon and Goes, 2013). Given the unique circumstances
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under which the relationships among variables occur, it is challenging to
generalise our findings to different businesses, industries, or geographies.
The data are drawn from a single European e-commerce business over a
six-month period, and the results may not be representative of other sectors
or market conditions. Additionally, while our model identifies associations,
it does not establish causal relationships.

Future research should expand on our work. First, researchers should
establish causal links between website sessions from various marketing chan-
nels and direct traffic purchases. This could be achieved through experi-
mental designs or more advanced causal inference methods (Johnson, 2023).
Second, future studies should investigate whether these associations hold
across different business types, sectors, and geographic markets. Third, the
role of unobserved confounders — such as brand equity, seasonal promo-
tions, or concurrent offline campaigns — deserves further attention.

In summary, we discovered associations between the variables, and 61%
of the variance was explained by three marketing channels (Google paid
search, price comparison engines, and email marketing). The predictive
power of these channels suggests that businesses should adopt a more in-
tegrated view of their marketing efforts, recognising that the influence of
a channel extends beyond its directly attributed conversions. The findings
also underscore the need for more sophisticated attribution models that
can account for the complex interplay of channels in the modern consumer

journey (Kannan et al., 2016; Neslin and Shankar, 2009).
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Unveiling digital dynamics: Do digital
media investments impact organic branded

searches?

Abstract

This study addresses a fundamental challenge in digital advertising: how
performance-focused campaigns, traditionally aimed at lower-funnel activ-
ity, may influence brand awareness. With the growth of online advertising,
businesses increasingly rely on performance campaigns across social media,
search engine marketing, and display networks to drive results. However,
a notable phenomenon has emerged. Businesses may observe substantial
branded search activity, suggesting lower-funnel campaigns could indirectly
shape brand awareness. To investigate this relationship, data were analysed
from an e-commerce business operating in five European countries with an
annual multi-million-euro lower-funnel budget. We employed a ridge regres-
sion model with adstock values to account for temporal advertising effects
and address common challenges of multicollinearity in multi-channel anal-
ysis. Our analysis reveals that lower-funnel campaigns significantly drive
branded search activity, suggesting they play an unacknowledged role in
building brand awareness. The incorporation of adstock values into ridge
regression improves model performance, increasing the R? from 0.658 to
0.768 and lowering the root-mean-square error. This approach stabilises
residual variance and provides a more accurate representation of advertis-
ing’s fading effects over time. These findings offer a replicable framework
for practitioners to measure the indirect branding effects of performance

campaigns and optimise cross-channel investments.

Keywords: consumer behaviour; branded keyword searches; ridge regres-

sion; multi-channel marketing
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3.1 Introduction

Branding serves as a cornerstone of marketing, enabling businesses to craft
a unique identity that resonates with consumers and fosters recognition in
competitive markets (Sarasvuo et al., 2022). Central to this process are
distinct brand features, including names, logos, and design elements, which
help establish a memorable presence (Manjunath et al.; 2024). Regardless
of whether a business operates in traditional or modern settings, a clear
and consistent brand identity is crucial to differentiating itself and building
consumer trust. To achieve this, companies employ diverse communication
strategies aimed at capturing attention and encouraging loyalty (Xu et al.,
2021).

With the rise of digital media, online branding has emerged as a domi-
nant force, transforming how brands interact with consumers. Digital plat-
forms now account for over 60% of global media investments, underlining
the critical role of online channels in connecting with audiences (eMarketer,
2020). The internet’s role in driving e-commerce has made strong online
branding a necessity, as it significantly shapes consumer behaviour across
demographics (Twenge et al., 2019). Research highlights this influence: ap-
proximately half the world’s population has made online purchases (OECD,
2019), and 48% of consumers use the internet for shopping ideas and inspi-
ration (Thygesen, 2022). This heightened engagement underscores the need
for businesses to develop robust digital strategies. By leveraging platforms
like Facebook, Instagram, and Google, which offer targeted ad placements,
brands can enhance visibility, build loyalty, and achieve measurable perfor-
mance outcomes (Sokolova and Titova, 2019; Ribeiro and Maués, 2023).

Digital platforms generally categorise their ad offerings based on ‘Brand’
(e.g. awareness or reach campaigns) and ‘Performance’ (e.g. conversion cam-
paigns) objectives. For example, according to Facebook, ‘brand campaigns’
aim at maximising brand visibility, while ‘performance campaigns’ focus on
driving purchases. Despite this industry structure, academic literature does
not always mirror this approach, creating unique challenges for marketing

practitioners when planning budget allocations.
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The distinction between brand and performance marketing aligns with
the consumer journey theory — a conceptual framework that maps the
stages consumers experience as they engage with brands or seek fulfilling
shopping experiences. This framework is critical for practitioners who lever-
age branding campaigns to attract consumers at the early stages of the
journey, while performance campaigns are employed in later stages to drive
conversions. Extensive literature supports this structured approach, demon-
strating the impact of branding and performance strategies on consumer
journey outcomes (Furquim et al., 2022; Tueanrat et al., 2021; Stankevich,
2017). Despite this, the consumer journey remains complex and often un-
predictable, with individuals engaging with brands across various devices

and touchpoints before making a purchase decision.

Tracking these multifaceted interactions is challenging, as highlighted by
Vollrath and Villegas (2021). Rarely do consumers complete their journey
in a single, direct interaction; rather, they tend to navigate through mul-
tiple touchpoints, devices, and platforms, often returning to a brand after
several interactions. For instance, a consumer might begin by searching for
a product online, then visit a brand’s website via a sponsored link, only
to revisit the site from another device or browser days later. The website
re-visit could occur through various channels. This journey reflects how
consumers weave through digital and offline experiences, creating a need
for marketers to assign credit accurately to each touchpoint — an attribu-
tion process that is essential for assessing marketing effectiveness (Kannan

et al., 2016).

For online businesses, the consumer journey is interpreted with the sup-
port of digital analytics systems. A widely used tool for identifying con-
sumer journeys and patterns is attribution modelling, which is integrated
into various modern web analytics platforms (McGuirk, 2023). According
to Ben Mrad and Hnich (2024), attribution is “one of the most fundamental
problems” modern marketers face. This challenge stems from the multitude
of available traffic sources and the complexity of processing the resulting

data. Consequently, the authors argue that businesses must deeply under-
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stand the relationships between various channels. These relationships, in
some cases, can drive significant changes in budget allocation and, as a

result, lead to major shifts in a business’s strategic approach.

Attribution modelling relies on path data, which gives marketers valu-
able insights into users’ behaviour. This data helps reveal patterns such as
browsing habits, search preferences, and the steps users are likely to take

before making a purchase decision (Hui et al., 2009).

Despite the wealth of research on digital attribution models, several
important gaps persist, particularly for businesses running performance-
driven activities. First, existing studies often overlook the broader con-
text in which these businesses operate, thereby limiting the applicability
of their findings to organisations that primarily focus on conversion and
neglecting nuances that arise from industry, audience, or operational con-
ditions. Second, most attribution frameworks rely heavily on path data
— predominantly click-based information — leaving methods that do not
depend on these sequential interactions underexplored. Third, although
impressions can significantly influence consumer perception and intent (Qin
et al., 2024), there has been relatively little development of models that
incorporate impression-level data, potentially underestimating the role of
brand visibility in driving performance. Finally, many attribution models
presume that all business objectives centre on lower-funnel conversions, re-
vealing a marked gap in methodologies that account for branding goals and

top-of-funnel activities critical to long-term growth.

This study offers a novel perspective on assessing marketing effectiveness
by moving beyond traditional click-based attribution models and embrac-
ing impression-level data as part of a privacy-first approach. Although it
does not propose yet another attribution methodology, our method provides
deeper insight into the complex interplay of marketing strategies, enabling
performance advertisers to gauge the broader impact of their campaigns. By
focusing on impression data, we highlight how performance-driven tactics
can influence brand objectives, revealing that lower-funnel conversions are

only part of a broader marketing success narrative. In doing so, we bridge
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a notable gap in existing research by demonstrating how even seemingly
direct-response efforts may have downstream benefits for brand awareness

and long-term customer engagement.

In order to answer our research questions, we develop a ridge regression
model transformed with adstock values. The model uses observational data
to delineate the relationships between variables in the consumer journey.
To do this, a collaboration was established with a European e-commerce
business operating in five countries and managing an advertising budget
exceeding 3 million in 2023. Despite significant investments in performance-
driven campaigns across channels like social media, search engine marketing,
Google Display Network, and programmatic advertising, a substantial vol-
ume of branded keyword searches on search engines was observed by the
business. This pattern gave rise to an essential question: how could brand
awareness be so high when their focus had been exclusively on performance
campaigns? The present study seeks to answer this by examining the indi-

rect impacts of performance campaigns on brand visibility and awareness.

This model highlights the interplay between marketing channels, which
is a topic of concern for many researchers (Naik and Peters, 2009). More-
over, it demonstrates the impact of these channels within the e-commerce
sector. Importantly, our model integrates adstock values to account for the
carryover effect, which reflects how advertising impact persists over time
— a factor crucial in multi-channel contexts. Taking inspiration from Kan-
nan et al. (2016), who emphasised the significance of the carryover effect
in the context of attribution models, we adapted a ridge regression model
to capture this extended influence across channels. The model performed
significantly better than traditional linear regression, addressing autocorre-

lation challenges frequently encountered in empirical advertising studies.

This study makes several key contributions to both business analyt-
ics research and marketing practice. First, it establishes a robust way
to demonstrate how paid advertisements, social media, and other online
touchpoints interact to influence consumer behaviour in ways that standard

single-channel or last-click models fail to capture. By incorporating adstock
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values, we not only address collinearity issues but also increase the accuracy
(R?) of our predictive models. Notably, we reveal a relationship between
paid advertisements and brand awareness, demonstrated through branded
search behaviour — even when the strategic intent did not explicitly target
brand building. This discovery challenges common assumptions in tradi-
tional business analytics about the impacts and roles of different channels,
showing that existing analytics approaches may undervalue certain tactics
simply because their indirect effects are not adequately measured.

From a practical standpoint, the results provide marketing practition-
ers with a replicable framework for evaluating cross-channel effects in their
own industries. By adopting similar modelling techniques, businesses can
more confidently allocate budgets across digital channels and accurately
gauge the long-term influence of their media spend. Moreover, our findings
call into question the conventional, linear view of the consumer journey
— highlighting that audience touchpoints are far more interconnected than
typically assumed. This encourages business analytics researchers to rethink
how they communicate and interpret multi-channel insights. Overall, our
study underscores the need for deeper and more nuanced modelling tech-
niques, ultimately guiding marketers towards data-driven strategies that
better reflect the realities of consumer decision-making and channel inter-
dependence.

The remainder of this chapter is structured as follows: first, the theoret-
ical foundation is presented. This is followed by a description of the data
collection and methodology. Next, the main findings are reported, and the
chapter concludes with an analysis of the results and their implications for

future research and practice.

3.2 Theoretical background

3.2.1 Consumer journey

The consumer journey metaphor illustrates the evolving relationship be-

tween consumers and brands, encompassing their shopping experiences and
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brand interactions. This journey spans multiple steps and engagements
across diverse platforms and channels, often influenced by complex, ab-
stract motivations (Hamilton and Price, 2019). Each stage reflects a unique
blend of consumer intentions and brand messaging, shaping how consumers

perceive and ultimately decide to interact with a brand.

Factors such as short- and long-term exposure to marketing messages can
significantly influence consumers’ journeys (Cambra-Fierro et al., 2021). In
response, businesses approach the journey cautiously to foster an optimal
customer experience (Dhebar, 2013). Customer journey mapping further
enhances this approach by allowing businesses to visualise and understand
the complete sequence of customer interactions, providing insights into how
consumers experience their products or services (Lemon and Verhoef, 2016;
Voorhees et al., 2017). For digital-first businesses, these interactions pre-
dominantly occur through digital touchpoints, presenting unique challenges

and opportunities for engagement (Shavitt and Barnes, 2020).

In their comprehensive literature review on consumer decision journeys,
Santos and Gongalves (2021) observed that advancements in technology
have fundamentally altered the consumer journey. Earlier, Verhoef et al.
(2015) had highlighted a pivotal transition in retail from multi-channel to
omnichannel approaches. This shift underscores how consumer experiences
and decision-making processes have become more intricate, with a greater
number of channels now shaping their journey. As such, consumers today
navigate a complex web of channels, each contributing uniquely to their

perceptions and ultimate purchasing decisions.

This research adds to the growing body of literature on consumer jour-
neys by focusing on a specific pattern: users exposed to a marketing message
who proceed to a branded keyword search after a few days, using search
engines to return to the website. This delayed response to marketing rep-
resents a nuanced consumer journey that is not fully captured by existing

attribution systems.
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3.2.2 Attribution modelling

Attribution modelling plays a critical role in marketing by helping businesses
allocate their budgets more effectively and gain insights into the customer
journey. Recognised as a “thrust area for research in marketing” (Gaur
and Bharti, 2020), the field has gained significant attention in the past
decade. Attribution seeks to answer essential questions, such as identifying
the source of a conversion, determining whether a single channel or a com-
bination of channels contributed, and quantifying each channel’s impact on
the desired outcome (Ben Mrad and Hnich, 2024). E-commerce businesses,
in particular, rely on business analytics tools to evaluate the performance
of various touchpoints along the consumer journey (Bilgic and Duan, 2019).
These tools are indispensable in understanding how exposure to advertise-
ments influences consumer behaviour, revealing the contribution of different
channels to specific actions (Kitts et al., 2010). However, standard attri-
bution models, which depend on user-level data, face challenges in tracking
consumer paths across platforms and devices, an issue further exacerbated
by evolving privacy regulations and technical limitations (Brookman et al.,

2017; Kamena, 2021).

To address these challenges, extensive research has been devoted to de-
veloping innovative methodologies for attribution. Markov Chain Monte
Carlo (MCMC) models, which analyse path data to track the probabil-
ity of transitioning between touchpoints until a purchase decision is made,
have emerged as a prominent approach (Sandeep et al., 2021a; Poutanen,
2020; Kakalejcik et al., 2018). Another widely used method is the Shap-
ley value model, which assigns value to each channel’s contribution and
addresses variability in attribution results, particularly for paid marketing
channels (Gaur et al.; 2024). These models offer significant advantages in
understanding channel contributions but are increasingly limited by gaps
in path data caused by stricter data privacy regulations and restrictions on
third-party tracking (Romero Leguina et al., 2020). In response, researchers
have proposed alternative solutions, such as logistic regression models for

predictive accuracy (Shao and Li, 2011), causal methods leveraging obser-
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vational data (Dalessandro et al., 2012), and multilevel models to analyse
semi-continuous data over extended periods (Blozis, 2022). Despite these
advancements, the quest for robust attribution methodologies continues, as
businesses grapple with the complexities of measuring the effectiveness of

marketing efforts in an evolving digital landscape.

3.2.3 Marketing synergies

Marketing synergies refer to the interplay between marketing initiatives that
enhance the impact on consumer behaviour and brand engagement (Naik
and Peters, 2009). Different marketing actions are interconnected, effectuat-
ing more streamlined and effective strategies (Havlena et al., 2007; Naik and
Raman, 2003). Marketing synergies exist at multiple levels, encompassing
both offline and online channels. Strategically focusing on marketing syner-
gies in multi-channel systems can yield substantial benefits. By leveraging
common operations and marketing across channels, businesses can create a
unified customer experience and improve customer satisfaction and loyalty.
For example, the convenience of online information searches combined with
the tangible benefits of in-store purchases can attract a broader customer
base (Gupta et al., 2004).

Understanding customer motivations is crucial in maximising these syn-
ergies. Some customers prefer online channels for information owing to easy
accessibility, whereas risk-averse customers prefer offline channels for their
perceived security (Ha and Perks, 2005). Others seek personal interactions
available in physical stores, which online channels struggle to replicate de-
spite integrating advancements such as avatars (Holzwarth et al., 2006).

According to Joo et al. (2014) and Kireyev et al. (2016), marketing
channels have a positive influence on consumers’ online branded keyword
searches. They argue that advertisers should consider cross-media effects
when planning advertising efforts. Joo et al. (2016) suggest that television
advertising is positively related to branded search traffic. Similarly, Chan-
drasekaran et al. (2018) examine the interplay between offline TV advertis-

ing and online branded search behaviour. Alamsyah et al. (2014) develop
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a model to demonstrate that conversations on social media platforms af-
fect brand awareness. From the various arguments in the literature, the
following research question is posited. The first research question, R1, is
on whether similar dynamics, as described by Joo et al. (2014), exist in an

e-commerce environment:

R1: Do media investments from wvarious marketing channels

impact branded keyword searches for an e-commerce website?

Drivas et al. (2021) claim that increased branded search traffic indicates
a relationship between display advertising and brand awareness. However,
they use secondary data sources, and their research objectives are different
from those of this study. Using a similar approach, Devaux and Bomsel
(2021) explore whether media investment in various channels positively im-
pacts clicks. They find a clear association between clicks and brand aware-
ness; however, they do not leverage media investment or branded searches.
Kireyev et al. (2016) analyse whether display advertisements increase search
clicks. Others examine the indirect effects of paid searches (Rutz et al.,
2011) and other specific marketing channels. Zia and Rao (2019) find that
advertisers allocate budgets across platforms that are asymmetric, either in
terms of traffic or cost. To expand on the asymmetric approach to budget

allocation, the second research question is:

R2: If a relationship exists between media spending on various
marketing channels and branded keyword searches, which mar-

keting channel has the biggest influence?

This work is designed to contribute to managerial practices by providing
actionable recommendations based on study findings. For instance, Filip-
pou et al. (2024) illustrate their findings by scaling model outcomes to show
the impact of a 1,000 investment. By using the model’s coefficients, one can
easily estimate the effect of a similar investment amount, making the im-
plications more accessible for decision-makers. Similarly, the third research

question is:
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R3: For each 31,000 invested in any of the marketing channels
of a business, how many branded searches, if any, would the

business receive?

3.3 Data

The data come from an e-commerce dropshipping business operating and
fulfilling orders in five European Union countries. Specifically, 41.4% of
total sales originated from Germany, making it the largest market. The
Netherlands followed as the second-largest market with 24.6% of sales, while
Belgium accounted for 12.2%, Spain for 10.8%, and Greece for 4.1%. Ad-
ditionally, sales from other European countries where the business does
not have an active domain or marketing campaigns were combined, rep-
resenting 6.9% of total sales during the research period. The business is
an online retailer operating in the homegoods industry, offering more than
200,000 products including home furniture, gardening, home appliances,
and technology. Although different markets may require different strate-
gic approaches (Chuang and Thomson, 2017), the business has adopted the
same approach across all markets in which it operates.

As a business, they focus on price-sensitive purchases and therefore
invest actively only in lower-funnel performance objectives across various
marketing channels. They have return-on-investment (ROI) goals for all
marketing activities and allocate budget whenever goals are not met.

Access was provided to their BigQuery for the analysis on the condi-
tion of remaining anonymous. Being a digital-first business, they do not
have a physical presence and invest in several digital marketing channels.
The dataset contains 360 days of time-series data for March 2023-2024.
The business invested roughly 3 million in 2023 in various digital marketing
channels. Post-cleaning, the data included daily investments in search en-
gine marketing (SEM), display, programmatic advertising, and aggregated
lower-volume channels (social media including Facebook, Pinterest, and In-

stagram), labelled as ‘others’ (x;). SEM represents 63.04% of the total
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investment, display advertising 18.06%, programmatic 15.20%, and other
channels 3.7% for the period of the study.

Finally, daily branded keyword searches were taken as the response vari-
able y. Any query comprising the brand name as part of an organic branded

search was included in the data for analysis.

3.4 Methodology

Randomised control trials are the gold standard for testing hypotheses in
the industry, allowing researchers to identify and understand causal connec-
tions through experimental research techniques. However, applying these
methods often presents challenges (Johnson, 2023). A non-experimental
approach is used here, as media spending could not be allocated and an

experimental environment could not be created.

Digital marketing studies often use linear regression models to determine
the correlations between variables (Leeflang and Wittink, 2000). These
models measure the degree to which factors such as media spending across
marketing channels correlate with organic branded search activity. Follow-
ing Zamil et al. (2021) and Filippou et al. (2024), a multiple linear regression
model is deployed initially.

Businesses generally maintain consistent proportional allocations across
marketing channels, even when total spending changes. For example, if a
company allocates 10% of its budget to social media, this percentage remains
constant regardless of the investment size. Consequently, media investments
are inherently correlated as predictors. To mitigate this problem, ridge

regression is employed.

3.4.1 Ridge regression

Hoerl and Kennard (1970) demonstrate that regression coefficients can be
excessively large or incorrectly assigned when the prediction vectors are

non-orthogonal. A typical model for multiple linear regression is:
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yv=XB+e, (3.1)

where E(g) = 0, E(e€’) = 0?1, and the design matrix X is of dimension
n X p, with n being the data size and p the number of predictors. The
variables in X are standardised such that X’X forms a correlation matrix.
The vector B = X'y consists of the correlation coefficients between the
response variable and each predictor.

Ridge regression modifies typical linear regression by adding a penalty
to the size of the coefficient. Specifically, the regression coefficients are

estimated as:

B(k) = (X'X +kI)"'X'y, k>0, (3.2)

where £ is known as the ridge parameter, controlling the amount of shrink-
age applied to the coefficients. When k& = 0, the ridge estimator is equiv-
alent to ordinary least squares, which is unbiased but has large variance
when predictors are highly collinear. As k increases, the estimator becomes
more biased but typically has lower variance. The key to ridge regression is
the ridge trace — a plot of the estimated coefficients as a function of k —
by examining which the value that stabilises the coefficient estimates can
be identified.

Ridge regression algorithms are used in the media industry (Ma et al.,
2019) and more specifically to describe consumer-journey-related challenges
(Sun et al., 2022). However, this is the first time ridge regression has been
used to explain the relationships among variables such as branded keyword
searches and media investment. Moreover, Joo et al. (2014) and Kireyev
et al. (2016) find highly correlated variables in similar datasets but do not

leverage ridge regression, a method that effectively addresses collinearity.

3.4.2 Adstock transformation

In this study, an innovative approach around model transformation is adopted

by incorporating adstock values for each variable. Adstock is the cumula-
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tive value of a brand’s advertising impact considering the effect over time
(Gijsenberg et al., 2011), and it is “central to the econometric modelling
of advertising effects over time” (Ephron and McDonald, 2002). This ap-
proach, which incorporates a time lag into the model, is frequently used
(Chandrasekaran et al., 2018; Joo et al., 2014; Kireyev et al., 2016). For an

adstock model:

St - QAt —|— (1 - G)Stfl, (33)

where S; is the adstock-adjusted value of advertising impact at time ¢, A; is
the advertising expenditure at time ¢, § is the decay rate (or retention rate),
a parameter between 0 and 1 representing the fraction of the advertising
impact retained from one period to the next, and S;_; is the adstock value

from the previous period (Joseph, 2006).

3.4.3 Model estimation

To finalise the model, the adstock-transformed values for each media channel

are computed first:

Sji = Hjl'jﬂg + (1 — Hj)Sj’tfl, (34)

where S, is the adstock value for channel j at time ¢, x;, is the expenditure
on channel j at time ¢, and 6, is the decay rate for channel j, constrained
to 0 < 6; < 1. Once the adstock values S;; are calculated, they are used as

predictors in the ridge regression model:

Y, = Bo + B1S1¢ + 8252 + 3534 + BaSay + €4, (3.5)

where Y; is the organic branded searches; Si;, Sa2¢, S3:, and Sy are the
adstock-adjusted spend for SEM, display advertising, programmatic adver-
tising, and aggregated lower-volume channels, respectively; Bo, 51, B2, B3,
and [, are the coefficients to be estimated; and ¢; is the error term at time
t.

Next, the value for ridge parameter A is chosen, which balances bias
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and variance. The model is fitted using ridge regression to minimise the

penalised residual sum of squares (PRSS):

n

PRSS =Y (Y — Bo — B1S10 — B2Sas — BsSss — BaSus) +A(BF + B3 + B35 + B7) |
- (3.6)
where (3, is the intercept capturing the baseline level of organic branded
searches when media spend is zero, (3; is the coefficient for each media
channel’s adstock-transformed spend, S}, is the adstock-adjusted spend for
each media channel at time ¢, and A is the regularisation parameter con-
trolling the extent of shrinkage applied to the coefficients. The summation
ranges from ¢ = 1 to n, where n is the total number of observations. The

PRSS balances model fit with a penalty term to prevent overfitting.

3.5 Results

The first version is a linear regression model. An R? of 0.666 and statistically
significant variables are recorded. Specifically, the SEM coefficient (x;) is
0.274, display (z2) is 1.778, programmatic (z3) is 0.359, and others (z4) is
4.612, with an intercept of 160.644.

The challenge arises from Figures 3.1 and 3.2, which show the fitted-
versus-residuals and normal Q—Q plots, respectively. The clear pattern in
Figure 3.1 and the outliers in Figure 3.2 impel further exploration of model
transformations (Sheather, 2009) without succeeding in resolving this issue.

In the second version, adstock values are incorporated into the linear
model, a common approach in the field (Jin et al., 2017). Applying the cor-
rect adstock values in modelling is complex (Gijsenberg et al., 2011). The
business data in this study indicate that approximately 95% of purchases
occur within the first 2 days of the initial visit. Given this rapid conversion
timeline, a lower adstock rate reflects the short-lived impact of initial en-
gagements. Therefore, a geometric adstock value of # = 0.1 is applied for

all channels.
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Figure 3.1: Fitted vs. Residuals plot, baseline linear regression model
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Figure 3.2: Normal Q—Q plot, baseline linear regression model

An R? of 0.675 is obtained, a slight improvement on the initial model,
and all predictors remain statistically significant. Since all coefficients re-
main similar, the problem of model fit must be addressed. A probe for
collinearity reveals a high correlation of 0.89 between the SEM and display
variables (Chen, 2016). Collinearity undermines the reliability of a linear
model, particularly when predictors such as marketing channel expenditures
tend to fluctuate simultaneously. High correlations among the variables can
induce inflated standard errors, making it difficult to discern the true effects
of each predictor. Ridge regression manages multicollinearity by introduc-
ing a penalty term that shrinks the coefficients (McDonald, 2010); thus, it
is a promising approach.

The result of the ridge regression model with A = 191.048 (Figure 3.3)
yvields R? = 0.658. The SEM coefficient (x1) is 0.278, display (z3) is 1.390,
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programmatic (z3) is 0.355, and others (z4) is 5.033, with an intercept of
223.483. The ridge regression model does not improve the fitted-versus-

residuals pattern.
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Figure 3.3: Ridge trace plot, A = 191.048

As the ridge regression model does not improve the fitted-versus-residuals
pattern, the linear model is compared with the ridge model based on the
root-mean-square error (RMSE). RMSE quantifies the average magnitude
of the prediction errors in a regression model and is a critical indicator of
model performance by measuring the difference between the predicted and
observed values (Hodson, 2022). Other researchers have used this compari-
son across various fields (Polat and Gunay, 2015). After splitting the data
(80/20), the results indicate that the ridge model fits better, with a smaller
RMSE of 552.6 compared with the linear model’s 640.3. Therefore, the
ridge regression model is iterated further.

In the next step, adstock values are applied to the ridge model to capture
the diminishing influence of advertising over time. Incorporating adstock
values allows for reflecting the real-world fading effect of advertisements,
thus providing a more accurate and temporally sensitive model (Pauwels
et al., 2004). This is the first study to incorporate adstock values into a
ridge regression model to address a business challenge of this kind.

The results of the final model improve substantially, with R? = 0.768.
Table 3.1 presents the coefficient estimates for all models. All predictors
in the final model are statistically significant. As shown in Figure 3.4,

the pattern in the standardised residuals is eliminated. The inclusion of ad-
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stock values in the ridge regression model significantly stabilises the variance

among the residuals, yielding a more robust and reliable model.

Table 3.1: Coefficient estimates across all model specifications

Linear Linear + Adstock Ridge Ridge + Adstock
R? 0.666 0.675 0.658 0.768
RMSE 640.3 — 552.6 552.6
Intercept 160.644 —  223.483 202.191
21 (SEM) 0.274 — 0.278 0.243
xo (Display) 1.778 — 1.390 1.340
z3 (Programmatic) 0.359 — 0.355 0.373
24 (Other) 4.612 — 5.033 5.407

All predictors statistically significant in final model. § = 0.1 applied to all channels.
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Figure 3.4: Fitted vs. Residuals plot, final ridge regression model with ad-

stock

3.6 Discussion and conclusion

This study examines the complex relationship between digital media in-

vestments and online organic branded keyword searches in the e-commerce

context using ridge regression with adstock values. This approach addresses

the prevalent issue of collinearity in marketing data and significantly im-

proves model robustness and accuracy.

Addressing R1, the final model enhances understanding of the dynamic

interplay between media channels. The model achieves an R? of 0.768,
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indicating a strong fit that explains 76.8% of the variability in branded

keyword volumes by media investment.

Addressing R2, the coefficients derived from the ridge regression model
provide clear insights. The analysis indicates that each marketing channel
has a quantifiable effect on branded keyword searches. The most influential
channel is ‘others’, representing aggregated investments in social media,
with a coefficient of 5.407. Display advertising is the second-largest driver of
organic branded keyword searches with a coefficient of 1.340. Programmatic
advertising ranks third with a coefficient of 0.373, followed by SEM with a
coefficient of 0.243. The intercept is 202.191.

Addressing R3, the impact of each $1,000 invested was quantified using
the model coefficients. For every $1,000 invested in social media, 5,407
branded searches are generated, making social media the most influential
marketing channel for driving brand awareness. A further $1,000 invested in
display advertising effectuates an additional 1,340 organic branded searches.
Programmatic advertising yields 373 additional searches, and SEM results

in 243 additional branded searches per $1,000 invested.

Initial data exploration confirmed that ‘organic’ channels ranked highest,
with branded keywords prominently driving consumer interactions. This
observation reflects a common consumer journey challenge, as it suggests
that users often engage with a brand organically even after exposure to
various paid media channels. This finding presents a fundamental challenge
in understanding the path to purchase, as the channels that drive initial
engagement may differ from those associated with conversions. Previous
studies by Huang and Lin (2022) emphasise the role branded keywords play
in shaping the consumer journey, a notion corroborated by Bianchi (2022b),
who found that 42% of global searches are branded, indicating a strong
brand-oriented mindset among consumers at the search stage. Consumers
often arrive at search engines with specific brands in mind, suggesting that

organic channels are crucial in the final stages of the journey.

Furthermore, the analysis details the reduction in prediction error using

ridge regression compared with a traditional linear model. The RMSE of
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the ridge model is 552.6, compared with 640.3 of the linear model, demon-

strating a more accurate and reliable fit.

3.6.1 Managerial implications

Brand awareness is a critical component of marketing strategy (Bernarto
et al., 2020), yet efforts to predict and quantify it remain challenging (Srini-
vasan et al., 2005). Existing attribution methodologies often complicate
budget allocation decisions (Danaher and van Heerde, 2018), leaving mar-
keters searching for more practical and effective approaches. This study
contributes to managerial knowledge by addressing these gaps, offering ac-
tionable insights into how media investments influence branded searches
and, consequently, brand awareness.

First, we demonstrate that certain marketing strategies may have unin-
tended side effects. Specifically, our findings reveal that lower-funnel perfor-
mance campaigns, which may initially appear inefficient, generate branded
searches and thus contribute positively to brand awareness. This insight
challenges traditional perceptions of campaign performance and encourages
managers to consider broader implications beyond immediate metrics.

Second, this study introduces a simple, replicable model that managers
can apply to their own businesses to predict increases in branded searches.
By overcoming issues such as multicollinearity, our approach ensures ro-
bust and reliable results, equipping practitioners with a practical tool to
better understand the complex interplay of marketing channels and their
contributions to brand-building efforts.

Third, we challenge modern managers to move beyond the surface-level
data provided by digital analytics platforms. While clicks and path data
are valuable, they fail to capture the full impact of marketing strategies.
By incorporating advanced modelling techniques, practitioners can uncover
deeper insights into the effects of their campaigns, enabling more strategic
and effective decision-making.

Finally, while this study is not the first to highlight the importance

of impressions in marketing analytics, it reinforces the need to prioritise
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impressions alongside clicks and path data (Sirdeshmukh et al., 2018). By
addressing the challenges of omnichannel strategies (Cui et al., 2021) and
the cannibalisation of channels (Shankar and Kushwaha, 2021), this study
provides managers with the tools and insights necessary to navigate the

complexities of modern marketing.

3.6.2 Research contributions

This research contributes to the literature by exploring the consumer jour-
ney from web advertising exposure to branded searches, focusing on ad-
vertisers investing in various media channels and identifying a relationship
between media investments and branded searches. The study also high-
lights the importance of marketing synergies and relevant work related to
the interplay between marketing channels.

From an academic perspective, this is the first study to combine ridge
regression and adstock values to address the challenges of the consumer jour-
ney through a simple and robust method when collinearity causes problems.
For instance, if Drivas et al. (2021) and Devaux and Bomsel (2021) had used
a similar approach, the collinearity issues in their results could have been
addressed. Similarly, our novel approach overcomes patterns with residuals
indicating autocorrelation (Chen, 2016). By replicating the approach used
in this study and diverging from traditional linear regression models, better
model performance with lower RMSE and higher R? values can be obtained

while maintaining model validity.

3.6.3 Limitations and future directions

The specific limitations associated with regression analysis in marketing re-
search are recognised in this study (Simon and Goes, 2013). The conditions
under which variable relationships manifest pose difficulties in generating
theories from correlational data. Moreover, the potential challenge of direc-
tionality underlies the findings (Asamoah, 2014). However, the data indicate
that most individuals accessing a site through branded search terms are do-

ing so for the first time (over 90%), affirming their status as independent
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variables. Additionally, the potential impact of extraneous variables on the
results must be considered (Lovett and Staelin, 2016). As businesses con-
trol changes in media spending, the impact of extraneous variables may be
reduced.

In ridge regression, determining the specific value of k for collinear ex-
planatory variables involves both art and science. Most studies focus on
identifying an optimal ridge parameter k that ensures the ridge estimator
has a lower mean squared error than the least squares estimator. Although
many effective methods can be used to determine the optimal &k value, no
single method has been universally adopted. Finding ridge estimates that
offer more utility than least squares estimates should therefore be a practical
aim of future studies (McDonald, 2009).

A significant challenge also lies in accurately measuring adstock effects,
complicating the assessment of the precise impact of advertising on sales
over time (Gijsenberg et al., 2011). With over 95% of purchases occurring
within the first 2 days, the adstock variable was set to 0.1 in this study,
indicating a short consumer cycle.

Future research should explore whether similar relationships exist be-
tween other channels, potentially expanding online and offline media mixes.
Furthermore, researchers can replicate this approach using different media
types, such as email or influencer marketing. An extended dataset from
similar or different industries can provide further insights. Additionally, an
experimental approach, such as geo-experiments, can offer additional causal

evidence.

36



Causal-driven attribution (CDA):
Estimating channel influence without

user-level data.

Abstract

Marketing attribution is essential for data-driven budget allocation. Yet
conventional approaches rely on user-level path data that are increasingly
unavailable. We propose a Causal-Driven Attribution (CDA) framework
that enables marketers to quantify channel-level contributions to conver-
sions using only aggregated impression data. The framework first uses a
temporal causal discovery algorithm (PCMCI) to identify which marketing
channels influence one another and in what direction, then applies Struc-
tural Causal Models (SCMs) to quantify how much each channel individ-
ually and in combination, contributes to conversions. We validate CDA
on large-scale synthetic data that mimic realistic multi-channel marketing
scenarios. When the true channel relationships are known, the framework
achieves an average relative RMSE of 9.50% when these relationships must
be learned from data, the error rises to 24.23% demonstrating that CDA
performs well overall, and particularly so when the underlying interaction
structure is correctly specified. Beyond methodological contributions, CDA
offers practitioners an interpretable, privacy-compliant attribution tool that
captures cross-channel synergies, supports strategic media planning, and
remains operational as third-party tracking continues to erode. The frame-
work provides a scalable alternative to path-based models, aligning market-

ing analytics with the evolving data privacy landscape.

Keywords: Marketing attribution, multi-channel marketing, causal infer-

ence, PCMCI, structural causal model, digital advertising
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4.1 Introduction

“When budgets are tight, marketers need to justify every penny
of their spend. But without full-funnel attribution, spending
decisions are often based on what is easy to measure rather than

what is actually working.” — Marketing Week, 2025

As consumers increasingly engage with marketing stimuli across multiple
channels, more sophisticated frameworks are required to evaluate whether
investments across these channels actually generate the desired outcomes
(Berman, 2018). This motivation gives rise to the concept of marketing
effectiveness, which represents the degree to which marketing investments
drive the desired results (Solcansky and Simberova, 2010).

However, measuring marketing effectiveness has become increasingly
challenging in the digital era. Many researchers have employed diverse
methodologies to evaluate it, including experimentation, qualitative and
quantitative observational analyses, econometric modelling, and machine
learning approaches. Among these, statistical models have become par-
ticularly prominent as rigorous tools for assessing marketing effectiveness
(Zenetti et al., 2014; LaBrecque et al., 2024). Organizations increasingly
rely on such models to gain actionable insights guiding strategic decisions,
particularly regarding advertising budget allocation under uncertainty (Qin
et al., 2024).

One of the most widely used statistical approaches for defining mar-
keting effectiveness is marketing attribution (Buhalis and Volchek, 2021).
It has received growing attention as both a methodological and theoreti-
cal challenge. Attribution refers to assigning credit to different marketing
touchpoints influencing customer purchase paths. Drawing from attribu-
tion theory in psychology (Kelley, 1967; Heider, 2013), this process involves
determining causal relationships between marketing stimuli and consumer
responses.

The proliferation of entertainment and advertising platforms has added

further complexity to understanding consumer behaviour (Schweidel, Bart,

"https://www.marketingweek.com/full-funnel-attribution/
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Inman, Stephen, Libai, Andrews, Rosario, Chae, Chen, Kupor et al., 2022).
Simultaneously, changes in digital privacy, particularly Apple’s i0S14 up-
dates (Sokol and Zhu, 2021), the European Union’s General Data Protection
Regulation (GDPR) (Li et al., 20190), and the California Consumer Privacy
Act (CCPA) (Bonta, 2022b), have significantly restricted access to individ-
ual level data. In a cross-channel interaction environment, where users can
move freely across touchpoints and marketing messages appear across nu-
merous platforms and devices, these updates create significant difficulties
for accurate measurement due to the lack of data transparency throughout

the consumer journey (Cui et al., 2021).

Limited data availability creates what we term the “privacy-attribution
paradox” where the need for sophisticated attribution increases as data ac-
cessibility decreases. This paradox is compounded by both technical and
conceptual limitations that existing literature treats separately but are fun-
damentally interconnected. Technical limitations include privacy restric-
tions, limited data access, and systematic mislabelling of traffic sources
(Starov et al., 2018; Filippou et al., 2024). Conceptual limitations arise
from the model’s inability to provide transparent interpretability. The re-
sults often fail to reveal the precise insights researchers seek. For example,
we may desire to understand the causal relationships between marketing

channels rather than the correlations among them.

Furthermore, the emergence of view-first (or impression-first) entertain-
ment platforms exemplifies these interconnected challenges. Reiley et al.
(2012) found that standard click-based models can misattribute the adver-
tising impact by assigning credit to clicks from users who were likely to
convert regardless of exposure to the advertising. Users engage deeply with
content without necessarily clicking or transitioning to websites, creating
influential but unmeasured interactions. Academic research demonstrates
that impressions without website visits can generate sales (Ghose and Todri-
Adamopoulos, 2016), while industry studies show significant impact of views

and impressions on conversion paths without clicks (TikTok for Business
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2024%; Snapchat for Business 2024%).

Marketing practitioners cannot analyse the full user journey since each
ad platform tracks its own touchpoints. This creates structural opacity
in digital attribution (Romero Leguina et al., 2020), leading to biased or
incomplete attribution outcomes. Thus, analysis shifts from tracing indi-
vidual paths to inferring the mechanisms that generate them, making causal
inference essential. In this marketing context, extracting actionable insights
remains challenging for both scholars and practitioners. When cause-and-
effect relationships are identified, they can directly support more effective

budget allocation decisions (Zhou et al., 2023).

Building on these challenges, our study offers primary contributions.
First, we propose a theoretical approach that integrates Structural Equation
Modelling (SEM) into a temporal causal discovery framework for simulat-
ing marketing attribution. Second, we introduce a causal-driven attribution
framework that works entirely on aggregated impression-level data, solving
the privacy and data-access limitations of user-level models. To the best of
our knowledge, no existing approach fully recovers directional causal rela-

tionships and quantifies channel effects using only aggregated data.

The rest of the paper unfolds as follows. We begin with a review of the
relevant literature, grounding our work in the methodological foundations
of attribution modelling. We then outline our data simulation process and
walk through the modelling approach in detail. This is followed by the
presentation of key findings and an extensive model validation process. Fi-
nally, we close with a critical discussion of the results and what they mean

for both future research and applied marketing practice.

2https://ads.tiktok.com/business/en/blog/beyond-click-attribution-views-impact-purchase
3https://forbusiness.snapchat.com/blog/evolving-measurement-neustar
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4.2 Literature Review

4.2.1 Marketing Effectiveness and the Consumer Jour-

ney

Marketing effectiveness captures the extent to which marketing activities
generate desired business outcomes such as sales, revenue growth, customer
acquisition, or brand lift (Solcansky and Simberova, 2010; Raman et al.,
2012). Although conceptually simple, evaluating effectiveness becomes in-
creasingly complex once we account for how consumers behave and how
marketers attempt to influence that behaviour (Chatterjee et al., 2025).

Classical theories framed the consumer journey as a linear progression
from awareness to consideration to purchase (Singh and Yousuf, 2024), a
structure that made sense in a world with limited media channels. How-
ever, these linear frameworks struggle to explain behaviour in contemporary
ecosystems where consumers discover, evaluate, and engage with brands
across search engines, social platforms, video environments, review sites,
apps, and offline stimuli (Nam and Cho, 2025).

Digitalisation has expanded the number of consumer touchpoints and
enabled multi-platform navigation. Omni-channel environments blur the
boundaries between physical and digital experiences (Verhoef et al., 2015),
while recent work shows that consumers routinely search on Google, watch
YouTube videos, browse Instagram, and ultimately purchase offline (Santos
and Gongalves, 2024). Understanding this fragmented and recursive journey
has therefore become central to enhancing marketing effectiveness (Kvicala
et al., 2024).

From a managerial perspective, resource allocation further complicates
the challenge. Behavioural theories emphasise that managers operate under
bounded rationality, seeking solutions that are “good enough” rather than
fully optimal (Simon, 1955). Consequently, organisations make decisions
under conditions of information overload, internal negotiation, and limited
analytical capacity (March and Simon, 1993).

Cyert and March (2020) argue that firms do not optimise in the text-
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book sense. Instead, they rely on routines, satisficing, and sequential budget
adjustments shaped by internal bargaining. As media channels proliferate
and privacy constraints limit access to granular data, these behavioural con-
straints intensify. Recent work highlights the deep uncertainty marketing
leaders face when evaluating investment effectiveness, thereby increasing de-
mand for transparent and reliable measurement frameworks (Malter et al.,
2020).

Due to behavioural complexity, fragmented data, and managerial uncer-
tainty, attribution modelling has emerged as a central tool for accountability

and optimisation.

4.2.2 Marketing Attribution
The Heuristic Attribution Era

The early days of marketing attribution relied on pre-defined rules that
assigned credit to specific marketing touchpoints (Donndelinger and Fer-
guson, 2020). Google’s attribution framework, developed between 2006
and 2015, introduced heuristic models such as first-interaction, linear, time-
decay, position-based, and last-click (Gaur and Bharti, 2020). These rule-
based models quickly became popular among practitioners and researchers
in online marketing, and many of them remain in use today.

Among the various attribution models, last-click, which assigns all credit
to the final touchpoint before conversion, gained significant traction as
the main choice for both businesses and media companies. Despite well-
documented conceptual weaknesses, it became the industry default. How-
ever, the adoption of last-click attribution increased even as criticism mounted
(Kufile et al., 2023). This persistence reflects organisational behaviour: un-
der uncertainty, firms gravitate toward simple and interpretable rules, even
when these rules are inaccurate or questionable.

With the rise of digital media over the past decade, consumers have
more options to engage with brands across multiple platforms. Likewise,
brands are able to distribute their content and advertising message in more

platforms (Dens and Poels, 2023). Therefore, heuristic models struggle to
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accurately capture channel contributions to key outcomes such as purchases
(Tao et al., 2025).

First, it reflects reductive assumptions about consumer behaviour and
fails to capture the full influence of earlier marketing interactions (El Mekkaoui
and Benyoussef, 2024). Second, researchers highlight the increasingly non-
linear nature of consumer journeys (Santos and Gongalves, 2024). Contem-
porary consumer behaviour theory recognises highly fragmented journeys
in which users move across multiple devices and platforms, interacting with
both organic and paid content before making purchase decisions (Nam and
Cho, 2025).

To mitigate these challenges, researchers came up with a different ap-
proach: data-driven models (Romero Leguina et al., 2020). For some, data-
driven models are considered as ‘next generation attribution models” be-
cause they are grounded in mathematical and statistical methods rather

than pre-defined rules.

The Data-Driven Attribution Era

As mentioned, consumers now engage with brands across multiple plat-
forms, while brands have simultaneously expanded their presence across
a growing number of digital touchpoints (Dens and Poels, 2023). This
behavioural shift necessitated analysing entire paths rather than isolated
events. Consequently, data-driven attribution models emerged as a method-
ological evolution, designed to process path data, meaning the full sequence
of user touchpoints before conversion, and thereby capture the complexity
of modern consumer journeys (Hui et al., 2009; Kannan et al., 2016). Sev-
eral such methods now support marketing attribution decisions. Below, we
highlight the approaches that have shaped the industry and discuss recent
developments and emerging trends.

Shapley values, borrowed from cooperative game theory, provide an
elegant mathematical framework for distributing credit across marketing
touchpoints (Shapley et al., 1953). The method was first pioneered for

marketing use in work that positioned it for practical application while
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acknowledging the limitations of observational data (Dalessandro et al.,
2012). The approach is theoretically sound: it calculates each touchpoint’s
marginal contribution across all possible combinations and then assigns pro-
portional credit. Later research enhanced computational efficiency, incorpo-
rated channel synergies, and extended the framework through hybrid mod-
elling approaches (Yadagiri et al., 2015; Zhao et al., 2018; Kadyrov and
Ignatov, 2019).

Markov chains offered an alternative framework by modelling consumer
journeys as probabilistic state transitions (Pfeifer and Carraway, 2000). The
“adgraph” concept was later introduced to represent journeys as graphs in
which nodes capture ad events and edges encode transition probabilities
(Archak et al., 2010). This approach effectively identified path dependen-
cies and drop-off points, a conclusion supported by empirical validation
comparing simple, forward, and backward Markov chains (Anderl et al.,
2014). Subsequent extensions further demonstrated its applicability across

industries (Kakalejéik et al., 2018; Sandeep et al., 2021b).

The integration of machine learning (ML) into attribution modelling
provides a rigorous, data-driven approach capable of detecting patterns in
customer behaviour and assessing the marginal influence of each touchpoint.
Early work introduced bagged logistic regression and coined the term “data-
driven attribution” (Shao and Li, 2011). Subsequent studies developed mod-
els distinguishing short- and long-term effects across cohorts (Breuer and
Brettel, 2012), incorporating spillover effects through parametric and non-
parametric approaches (Li and Kannan, 2014). Amazon’s MTA approach
leverages randomized controlled trials (RCTs) and ML models to allocate
conversion credit across their ad touchpoints (Lewis et al., 2025). Other
advances apply survival analysis to capture time-decay dynamics (Zhang
et al., 2014) and utilise hazard-rate modelling to quantify the influence of

individual ad exposures (Ji and Wang, 2017).

Building on ML-based advances, deep learning methods have recently
been applied to the MTA problem, offering the ability to model nonlinear

interactions, temporal dependencies, and user heterogeneity at scale. The
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Deep Neural Net with Attention (DNAMTA) model integrates attention
mechanisms to account for temporal effects and user characteristics, achiev-
ing strong predictive performance while producing interpretable touchpoint-
level contribution estimates (Arava et al., 2018). The Dual-Attention Re-
current Neural Network (DARNN) further advances this idea by learning
attribution weights directly from the conversion objective through a dual-
attention architecture, dynamically allocating credit across a user’s full
exposure sequence (Ren et al., 2018). Furthermore, DeepMTA combines
phased-LSTM networks with Shapley-based attribution to deliver accurate
conversion prediction and transparent explanations of each touchpoint’s
marginal effect (Yang et al., 2020). Collectively, these approaches demon-
strate how neural models capture richer temporal structure and provide

more interpretable attribution estimates than traditional methods.

4.2.3 The Causal Imperative

Consider a marketer running a sales campaign across multiple channels,
including email, social, and display. Although historical data may show
higher conversion rates among customers exposed to more email messages,
such correlations do not identify the true incremental effect of each touch-
point. Even if higher email volume coincides with higher conversions, it
would be misleading to attribute all of those conversions to email. Many
of these users may have already formed their purchase intent through other
channels, such as search or social media, long before the email was deliv-
ered. Therefore, correlation-based attribution models can misallocate credit
across channels because they are incapable of distinguishing true causal ef-
fects from correlations.

Causal inference has become increasingly central to marketing effective-
ness research (Hair Jr. and Sarstedt, 2021), driven by advances in data
availability, experimental design, and machine learning. This shift moves
the field beyond correlational attribution toward frameworks that identify
true cause-and—effect relationships, reflecting the growing recognition that

understanding why marketing works is essential for credible measurement
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and strategic decision-making (Zhou et al., 2023). In this context, causal-
based approaches to multitouch attribution estimate the incremental effect
of each advertising touchpoint. Early work framed attribution as a causal
estimation problem using Shapley values to allocate credit based on each
ad’s marginal effect. Kumar et al. (2020) introduce CAMTA, a causal re-
current neural network that accounts for time-varying confounders and re-
duces selection bias, although its use of click behaviour as pseudo-feedback
may introduce bias. Yao et al. (2022) present CausalMTA, which miti-
gates confounding bias from static user attributes and dynamic behavioural
features through counterfactual prediction. Tang (2024) advances this line
of research with DCRMTA, a deep causal representation model that iso-
lates causal features linking user behaviour to conversion while reducing
confounding effects.

Different from the individual-level data used in most studies, Kireyev
et al. (2016) utilise a dataset consisting only of aggregate consumer be-
haviour to examine the dynamic interaction between paid search and dis-
play advertising. They combine time-series analysis with Granger causality
to identify cross-channel spillovers and broader advertising dynamics. How-
ever, Granger causality does not constitute true causal inference (Shojaie
and Fox, 2022). It shows only that past values of one time series improve
the prediction of another, not that one variable exerts a causal effect from

the traditional causal-inference sense.

4.2.4 Toward a New Paradigm

Industry practice and academic literature increasingly converge on the same
conclusion: today’s environment exposes a critical measurement gap. Exist-
ing attribution frameworks break down when only aggregated or impression-
level data are available, particularly for smaller or emerging channels that
do not provide persistent user identifiers (Cui et al., 2021; Ghose and Todri-
Adamopoulos, 2016). They also fail when user journeys are unobservable
due to regulatory changes, when touchpoints do not generate clicks as in

impression-first platforms, and when privacy constraints prohibit the col-
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lection of path-level behavioural data (as discussed in Section 4.1).

While a business could build complex API integrations across multi-
ple platforms to capture user-level path data, it must carefully weigh the
trade-off between adopting a new solution and maintaining the existing
one at a high and potentially unsustainable infrastructure cost. Even with
sufficient data, certain traditional MTA and deep learning models can be
difficult to deploy due to their heavy computational requirements. Singh
and Yousuf (2024) emphasise that computational efficiency is essential for
modern customer-journey analytics, and models that require excessive com-
puting resources are unlikely to be adopted in practice.

It is evident that there is a need for a new family of attribution method-
ologies. The shift from individual to aggregate data, from correlation to
causation, and from clicks to impressions reflects more than a methodologi-
cal evolution. It represents a fundamental reconceptualization of marketing
measurement, one that aligns with how consumers behave and how privacy-
conscious societies choose to govern their data. Our framework offers one
step toward this reconceptualization.

Our work advances this direction by proposing a causal-driven attribu-
tion (CDA) methodology that (i) operates on aggregated, impression-level
time-series data, (ii) is explicitly designed for privacy-restricted environ-
ments, (iii) accommodates channels that do not generate user-click signals,
and (iv) identifies both direct and indirect causal relationships across mar-

keting touchpoints.

4.3 Methodology

4.3.1 Data Generation

Data accessibility for advertisers has been significantly affected by regula-
tory and industry changes. Although such data are typically accessible via
marketing APIs, effective use often requires substantial infrastructure avail-
able primarily to large firms (Simon, 2021). Additionally, Cui et al. (2021)

clearly outlined the challenges associated with multi-touch attribution and
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how data limitations hinder its application.

Initially, we aimed to acquire a dataset suitable for comparing traditional
multi-touch attribution methods with our proposed approach. However,
over nearly two years of exploration, we were unable to find a suitable
candidate. To our knowledge, existing studies in advertising and causal
learning rely on only two publicly available datasets (Job et al., 2025),
neither of which meets the requirements of this work. Due to the lack of
ground truth in real-world causal marketing data, simulation has played a
vital role in method development and evaluation.

Motivated by these challenges, we developed an approach that allowed
us to generate a synthetic dataset. Our aim is not only to create a com-
prehensive and representative marketing dataset but moreover to be able to
establish the so-called ground truth required for model validation, thereby
bypassing the problem of insufficient data.

We acknowledge that real-world marketing data cannot be perfectly sim-
ulated due to hard-to-model factors, such as customer awareness and be-
haviour influenced by psychological processes. Accordingly, we introduce
several simplifying assumptions to ensure that the proposed causal-driven
attribution model remains applicable in practice. Under these assumptions,
we incorporated baseline impressions, growth rate, and conversion rate for
each channel, along with random noise to capture variability. Finally, we
introduce cross-channel influence, allowing channels to act as confounders

which is essential for causal inference conversation.

Causal DAG Graph

Before crunching any numbers, we require a high-level understanding of the
causal relationships among marketing channels to define the data-generating
scenario. Correlation describes statistical associations between variables but
cannot answer questions like “Does changing the value of Channel A lead
to a change in Channel B?” To simulate realistic marketing behaviour, we
need a visual representation of the underlying causal structure, and this is

where Directed Acyclic Graphs (DAGs) come into play.
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Google Ads

Figure 4.1: Example of a DAG’s structure, including nodes: Affiliates,
Facebook, TikTok, Google Ads, YouTube, and conversion. Edges repre-
sent directed causal influences: green arrows indicate positive values (puta-
tive amplification/halo), and red arrows indicate negative values (putative
substitution/crowd-out). Nodes are grouped into causal layers as follows:
S3: Affiliates, S*: Facebook, TikTok, Google Ads, S*: YouTube, S°: conver-

S10M.

Pearl (2009b) explains that DAGs provide a natural representation of
causal structures. Causal effects arise from underlying, unobserved pro-
cesses that can be viewed as equilibrium outcomes of behavioural equa-
tions forming a simplified model of the world. Graph notation captures
this structure efficiently: nodes represent random variables generated by
an underlying data-generating process, and directed edges encode causal
influence. The acyclic property prevents feedback loops, thereby avoiding
circular causation and preserving interpretability. Causal effects may be
direct (e.g., X — Y) or indirect (e.g., X — Z — Y'), where influence is

transmitted through a mediating variable.

A DAG G is a visual structure consisting of a set of nodes (vertices) V
and a set of directed edges (arrows) £. Each node V; is associated with a
random variable X;. In a DAG, there are no directed paths that begin and
end at the same node. Formally, no cycles exist such that a path starts at
V,; and returns to V; (either directly or indirectly). A finite set S denotes
the causal layers (also known as a non-signalling set), which are subsets
of nodes that are causally independent (i.e., nodes within the same layer
cannot signal to one another) (Nashed et al., 2025). Fig. 4.1 illustrates the

DAG structure, including its nodes, edges, and layered decomposition.
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Figure 4.2: Example of a causal DAG showing the structural relationships
among marketing channels. Some channels act as upstream drivers that in-
fluence conversions indirectly through intermediate touchpoints, while oth-
ers have a direct impact on the outcome. All effects flow in a single direction
with no circular feedback, providing a clear view of how influence moves
through the system.

Recent literature highlights a growing use of DAGs as uncertainty-aware
and interpretable tools for visualising causal structures (Xie et al., 2020).
DAGs provide a transparent means of distinguishing causal influence from
correlation. In marketing attribution, they map the structural relationships
among channels and outcomes, clarifying how touchpoints interact, mediate,
or confound one another along the consumer journey. Figure 4.2 illustrates
an example DAG in a marketing context, illustrating how channels interact
and ultimately influence conversions. Based on the generated DAGs, we

subsequently construct the mathematical equations used for simulation.

Assumptions and Equations

We acknowledge that real marketing data cannot be perfectly simulated
due to hard-to-model factors such as customer awareness and behaviour are
influenced by psychological aspects. Additionally, since causal mechanisms
in real-world marketing systems are known with high uncertainty (Runge
et al., 2019), the simulation must reflect the properties of the real datasets
on which the algorithms will be applied. This is necessary to ensure that
our causal-driven attribution developed using simulated data can potentially

translate to real-world scenarios.
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A standard linear equation has been widely used to model the activity
changes of each channel (Danaher and van Heerde, 2018; Zhao, Mahboobi
and Bagheri, 2019). Suppose z; represents the number of impressions for
channel X = (z1,x9...74, T441...) at time ¢; the linear trend is defined as
follows:

T = o+ Pt + €, (4.1)

where x; is the channel value at time ¢, a represents the baseline impressions,

B is the growth rate of the channel, and ¢; denotes the random noise.

The next step was to establish the cross-influence between channel co-
efficients. Taking two channels as an example, let X; represent Search
advertising * and X, denote Social advertising °. Each channel still follows
a linear model; however, they now influence each other directly within the

same time period ¢ (i.e., no lag), as follows:

Ty = oy + Bit + wiaTay + €1y,
(4.2)

Toy = Qg + Pot + w1 + €2y,

where z1; and zy; represent the impression amounts of Social Ads and
Search Ads at time t, respectively; a; and ay denote the baseline impressions
for each channel; 8; and (3, are their respective growth rates; €;; and eg;

represent random noise terms.

More importantly, w;s measures how much Social Ads influence Search
Ads, and wo; measures how much Search Ads affect Social Ads. These terms
capture the directional causal effects between channels. Without them, the

relationship would represent only correlation rather than causation.

Extending the idea to multiple channels, each channel’s activity depends

not only on its own trend but also on the concurrent activity of other chan-

4Search advertising: We refer to Search advertising (Search Ads) as a form of
paid digital marketing in which advertisers bid to display sponsored messages alongside
organic search results on search engines such as Google or Bing.

®Social advertising: We refer to Social advertising (Social Ads) as paid digital com-
munication delivered through social networking platforms such as Facebook, Instagram,
TikTok, or LinkedIn. It allows advertisers to target audiences based on demographic,
psychographic, and behavioural data.
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nels (without lag):

Tip = a; + Pit + Z Wi T + €t (4.3)

J#1
where «; and f3; represent the baseline and growth trend of channel 7, respec-
tively, while w;; measures how the current activity of channel j influences

channel 7. €;; denotes the random noise term for channel ¢.

We then map impressions to conversions using the following relationship:

N
Yii = Yo+ Z Yi%i¢ + N, (4.4)

i=1
where y; ; denotes the number of conversions for channel ¢, y; represents the
effectiveness of channel 7, and 7, is the random noise term. This formulation
captures the direct, concurrent (no-lag) causal influence among marketing

channels.

Finally, the total number of conversions at each time step ¢ is the sum of
baseline (non-marketing) conversions and those attributed to all marketing

channels.

N
Cy= DB, + Z Ytis (4.5)
i=1

where C; represents the total conversions at time ¢, B; represents baseline
conversions not driven by advertising (e.g., organic or repeat behaviour),
and y;,; denotes conversions generated by marketing channel 7 at the same

time step.

This simulation integrates organic and paid contributions to overall per-
formance, allowing the model to disentangle the inherent baseline trend
from the incremental impact of each channel. It provides a comprehensive
view of how marketing efforts collectively contribute to total conversions
while maintaining interpretability at the channel level.

Figure 4.3 illustrates the proposed simulation framework for generat-
ing synthetic causal marketing attribution data. The process begins with
user-defined inputs specifying the simulation context, including (1) the set

of marketing channels and their activities (e.g., impressions) and the tar-
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User Inputs

Channels (names and activities,
e.g., impressions) and target

KPI (e.g., conversion)

Outcomes
Time periods (e.g., 365 days) }* Daily or weekly

impressions and

conversions for each
channel
Baseline range }; Simulation
Causal Graph and
Impact Values
Conversion rate range for each
channel (Direct impact)

Parent—child influence weight
range (Indirect impact)

Figure 4.3: Overview of the simulation framework.

get key performance indicator (KPI), such as conversions; (2) the simulation
horizon (e.g., 365 days); (3) a baseline range capturing conversions indepen-
dent of media activity; (4) channel-specific conversion-rate ranges governing
the direct impact of media exposure; and (5) parent—child influence weight
ranges that capture indirect effects arising from causal dependencies among
channels.

Given these inputs, the simulation module produces two categories of
outputs. The first is the time-series data of daily or weekly impressions and
conversions for each channel (as shown in Fig. 4.4), reflecting both direct and
mediated effects. The second is a causal graph with corresponding impact
values that quantify the impact values and direction of relationships among
channels and between channels and the target KPI (Fig. 4.5). Together,
these outputs enable the analysis of causal influence and attribution in a

controlled, reproducible environment.

4.3.2 Modelling

Attribution is fundamentally a cause-and-effect problem. Understanding
causality in attribution is central to decision-making under uncertainty
(Kelly et al., 2018). A causal model identifies and maps the qualitative
cause-and-effect relationships and combines them with quantitative infor-

mation about the strengths of those relationships. Therefore, our approach
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Figure 4.4: A random simulated data illustrating marketing channel impres-
sions and conversions within 365 days. The top panel presents the impres-
sion trends for five marketing channels, including Google Ads, Affiliates,
TikTok, Facebook, and YouTube. Each series follows a distinct stochas-
tic pattern generated from a linear growth process with random noise and
inter-channel influence.

Figure 4.5: Example DAG output illustrating multi-channel interactions
from simulated data. Nodes represent marketing channels (Affiliates,
Google Ads, TikTok, Facebook, YouTube) and the target outcome (con-
versions). Directed arrows denote causal influence from cause to effect,
with green and red arrows indicating positive and negative causal weights,
respectively.

uses a two-stage framework: first, we discover the causal relationships
among marketing channels; then we estimate the causal influence (weights)

of each channel on the target KPI (e.g., conversions).

Causal DAG Discovery

Through simulation, causal relationships between channels and conversions
can be observed directly. In reality, however, businesses typically have access
only to time-series data on channel activity and aggregate conversions, sim-

ilar to the simulated multi-channel dataset shown in Table 4.1. Incremen-
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tality approaches are commonly used to infer causality, as it identifies what
actually caused a lift in performance. A causal DAG can be constructed us-
ing prior xpert knowledge and experimental tests such as lift studies or A/B
experiments, which are costly and time-consuming. Consequently, discover-
ing causal structure directly from observational data remains a challenging
yet valuable problem. In this work, we apply PCMCI, an automated proce-
dure for discovering causal graphs based on graphical causal modeling and
conditional independence principles. Moreover, PCMCI scales effectively to
large time series datasets and accommodates linear, nonlinear, and time-

delayed dependencies.

Table 4.1: Schema of the simulated multi-channel marketing dataset.

Column Type Description

index integer Time step index (e.g., day or week).
conversion float Total conversions across all marketing channels.
channel_1_impression float Impressions from marketing channel 1.
channel_2_impression float Impressions from marketing channel 2.

channel _n_impression float Impressions from marketing channel n.

Causal Network Discovery Using PCMCI Consider an underlying
multivariate time series X; = (Xt(l), Xt(2), e ,Xt(d)), where each component
represents the daily activity of a marketing channel. Our objective is to
infer the causal structure governing how past channel activities influence
current outcomes. Time lag 7, also know as “time-delay causality”, refers
to the temporal interval between a cause and its effect. We assume finite-
order temporal dependencies up to a maximum lag 7., and seek, for each

variable Xlt(i)7 to estimate the set of causal parents
PX) C{XP 1< <d, 1 <7 < T} (4.6)

PCMCI proceeds in two stages. In the first stage, a PC; condition-selection
step identifies relevant conditioning sets 73(X,f ) for each variable X]. Start-
ing from all lagged variables up to 7,.x, variables that are conditionally

independent of the target given subsets of the remaining candidates are
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removed using a conditional independence test (e.g., partial correlation,

ParCorr) performed at significance level apc.

In the second stage, PCMCI applies the Momentary Conditional Inde-
pendence (MCI) test to evaluate whether a lagged variable X;__ is a causal

parent of th . For each variable pair, MCI tests
Xi, b X | PO)\AXL ) PXL), (4.7)

using an appropriate conditional independence test (e.g., ParCorr) at sig-
nificance level apicr. If the null hypothesis of conditional independence is
rejected, the directed lagged edge X} — — th is included in the estimated
causal graph. Pseudocode 4.3.2 summarizes the full PCMCI procedure im-
plemented in this study. PCMCI for multivariate time series causal dis-

covery [1]

Input: Multivariate time series {X;}Z_, with d variables; maximum lag

Tmax; thresholds apc and aycr. Output: Set of directed lagged edges £.

Construct candidate parent sets:

Po(X) = {XD 1< j<d, 1<7 < Ty}

Stage 1: PC condition selection

i=1tod P(Xt(i)) — PO(Xt(i)) k < 0 conditioning sets of size k exist
X9 e P(X) For all Z € P(X)\ {XU)} with |Z| = k, test:

Ho: X 1 x|z

—T

any p > apc Remove X7 from P(Xt(i)) k<« k+1
Stage 2: MCI testing
E+ 0

i=1ltod XY € P(Xt(i)) Define the MCI conditioning set:

Znor = P(XI)\ {x )}
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Test the dependence condition:
X2 x | Znicr.

p < ancr Add edge (Xt@T — Xt(i)) to €
£

Causal Effect Estimation

In this section, we demonstrate how our proposed method quantifies causal
effects under linear structural dependencies. To estimate the causal contri-
bution of each marketing channel to conversions, we use a Structural Causal
Model implemented with the DoWhy framework °. An SCM represents each

variable X; through a structural equation
X; = fi(P(X]), Ny), (4.8)

where P(X}) denotes the causal parents of X} and N; is an exogenous noise
term. Omnce the DAG is inferred, each causal mechanism f; is estimated
from the data.

In causal inference, several estimands characterize the effect of an in-
tervention, including the Average Treatment Effect (ATE), the Conditional
Average Treatment Effect (CATE), the Individual Treatment Effect (ITE),
the Average Treatment Effect on the Treated (ATT), the Average Treat-
ment Effect on the Controls (ATC), and the Local Average Treatment Ef-
fect (LATE) (Imbens and Rubin, 2015; Cheng et al., 2022). Each estimand
contrasts potential outcomes under treatment (7' = 1) and control (7" = 0),
differing in how effects are averaged and which subpopulations are targeted.

In our setting, each observation is generated by a SCM and corresponds
to a specific configuration of channel impressions and contextual covari-
ates. Therefore, the causal effect of a marketing channel on conversions
must be evaluated conditional on these observed features. The CATE is

well suited for this purpose, as it measures how the expected conversion

Shttps://www.pywhy.org/dowhy
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outcome changes when a specific channel is intervened upon (e.g., setting

its impression level to zero) while holding all other covariates fixed.

To quantify the effect of removing a marketing channel, we formalize the
intervention using the do-operator. Let X; denote the activity of channel j,
Y; the conversion outcome, and Z; the set of all other observed covariates
at time ¢. We consider a binary intervention in which the channel is either
kept at its normalized active level (X; = 1) or removed (X; = 0). The
CATE of channel j at covariate profile z is then

Aj(z) = B[Y; | do(X; = 1), Z, = 2] — E[Y;|do(X; = 0), Z, = 2], (4.9)

and we approximate these conditional expectations by generating interven-
tional samples from the fitted SCM while conditioning on the empirical

distribution of Z;.

Because these counterfactual expectations are not available in closed
form, we estimate them using interventional Monte Carlo sampling. For
each run i, we generate two sets of interventional samples conditioned on the
observed covariates Z; = z: one under the intervention do(X; = 1) and one
under do(X; = 0). This yields empirical means Ydo( x;=1),: and Ydo( X;=0),i-
Over n runs, the conditional causal effect of channel j at covariate profile z

is then estimated by

n

~ 1 — —
Aj(z) = — Z (Ydo(ijl),i - Ydo(xj:()),i) ) (4.10)

n <
=1

which converges to the true CATE A(2) as n increases. Repeating this sam-
pling procedure over n runs yields a stable estimate of the conditional causal
effect. This Monte Carlo procedure also enables uncertainty quantification

without requiring parametric assumptions on the structural equations.

To express the causal effect on a comparable scale across channels, we
compute a per-unit causal contribution by normalizing the estimated effect

by the average activity level of channel j:
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)

ACE per unit(j) = j(Z‘) (4.11)

- EB[X;]
This quantity represents the incremental causal contribution of a single unit

of channel activity (e.g., one impression) to expected conversions.

4.3.3 Evaluation Metrics
Causal DAG Discovery

To quantify the DAG structures learned by our proposed causal-discovery
algorithm, we adopt two complementary families of metrics: (i) edge-based
graph classification measures to compare the number of edges that differ
between two graphs (Cheng et al., 2022), and (ii) graph-distance-based mea-
sures, which evaluate how well the learned graph supports valid identifying
formulas for effects, and. Below we go through each measure in detail.
The edge-based graph distance will be based on the intuition that direc-
tional adjacency relations can be treated as a binary classification problem.
Therefore, a variety of metrics in classification tasks can be used such as

AUC, True Positive Rate (TPR), False Positive Rate (FPR), and Fj.

True Positive Rate and False Positive Rate We consider a finite set
of random variables X, ..., Xp with index set V.= {1,...,D}. A graph
G = (V,€&) consists of the node set V and an edge set £ C 'V x V.

Let Guue = (V, Etrue) denote the ground truth DAG, and let Gpea =
(V, Eprea) denote the predicted DAG.

The true positive rate (TPR) is defined as the ratio of correctly recovered
edges, meaning the edges that appear in both &,eq and & e, relative to the

total number of edges in the ground truth graph. Formally,

|gpred N gtrue |

TPR =
‘gtrue|

(4.12)

The false positive rate (FPR) measures the proportion of incorrectly
added edges, meaning the edges that appear in E,eq but not in &y, relative

to the number of edges that are not present in the ground truth graph.
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Formally,

|gpred \ gtrue |

FPR = ,
(VX V) Eiruel

(4.13)

where V x V denotes the set of all possible directed edges among the vari-
ables, excluding self loops if desired.

TPR and FPR are computed from the p-value matrices after applying
a p% (e.g., 5%) significance threshold. TPR measures the fraction of true
causal links that the method correctly identifies, while FPR measures the
fraction of absent links that the method incorrectly labels as causal. For-
mally, TPR is the number of correctly detected links divided by the number
of true links, and FPR is the number of falsely detected links divided by the
number of absent links. Ideally, a causal discovery algorithm should recover
true causal links with high sensitivity while keeping false positive (incorrect

link) detections under control.

Area Under the ROC Curve Area under ROC curve (AUC) is the
area under the curve of recall versus FPR at different thresholds. The AUC
quantifies the ability of the model to distinguish true causal links from non-
links based on the score matrices returned by PCMCI. Each score matrix
contains non-negative values, where a larger entry at position (7, j) indicates
greater confidence in a causal edge ¢ — j. The corresponding ground-truth
label is binary (1 for a true causal link, 0 otherwise). Higher AUC values,

with a maximum of 1, indicate stronger separation between true and false

links.

F-Measure (F3) The F-measure, also computed on thresholded p-value
matrices, evaluates the harmonic mean of precision and recall. It ranges
from 0 (poor performance) to 1 (perfect precision and recall). In this study,
we use Fj 5, which places greater emphasis on precision than recall, reducing
the impact of false negatives. This makes Fjy 5 particularly suitable when
the cost of false positives is higher or when identifying spurious edges is
more detrimental than missing weak ones.

Nevertheless, the number of differing edges between two graphs does
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not capture how the graphs differ with respect to the identifying formulas
they imply for causal effects. Therefore, edge-based metrics cannot quantify
whether a predicted graph preserves the causal semantics encoded by the
true graph. In particular, two graphs may differ in several edges yet induce
the same interventional distributions, while another pair may differ by only
a few edges but imply fundamentally different causal effects. To evaluate
causal fidelity rather than purely structural similarity, we additionally em-
ploy graph-distance-based measures that compare graphs in terms of the

causal relationships they encode, as described in the next section.

Structural Hamming Distance The Structural Hamming Distance (SHD)
(Cheng et al., 2022) is one of the most commonly used metrics for evaluating
the accuracy of a learned causal graph. Intuitively, it counts the number of
edge insertions, deletions, and orientation reversals required to transform
the learned graph into the true graph. Lower SHD values indicate more
accurate causal reconstruction, whereas higher values imply poorer causal
discovery performance.

Given a true causal graph Gye and a predicted (learned) graph Gopyeq,
both defined over the same vertex set V, we define their adjacency matrices
Arues Aprea € {0, 1}P%P such that Ali, j] = 1 if there is an edge X; — Xj.

The Hamming distance between binary vectors measures the number of

directed edges that differ between the two adjacency matrices. Formally,
D
SHD(Gtrue7 Clpred) - Z Z |Atrue [27 ]] - Apred [17]“
i=1 j=1 (4.14)

= HAtrue - Apred”l'

Alternatively, for each unordered pair of nodes (7, j) with ¢ < j, define

(

17 if Atrue[iaj] 7é Apred[iaj]

5ij = or Arue []7 Z] 7é Apred []; i], (4.15)

0, otherwise.
\
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Then,
SHD(Girue; Gpred) = > 0. (4.16)

1<i<j<D
The normalized variant scales the distance by the number of possible un-

ordered node pairs:

1
nSHD(Gtme, Gpred) = —5T 5@‘, (417)

2)
(2 1<i<j<D
so that nSHD € [0,1]. This normalization expresses the proportion of

differing edges relative to the total possible pairwise relations.

Although the SHD implementation is simple and efficient to compute, it
only reflects local structural differences and ignores causal equivalence or d-
separation patterns. Even a very small structural change (e.g., flipping
a single edge A - B — C to A + B — () can completely alter a
graph’s causal interpretation even when SHD suggests that the two graphs
are nearly identical. Consequently, SHD has been criticized for failing to
reflect the full causal implications of structural differences between graphs.
This limitation has motivated the development of more causally informed

metrics such as the Structural Intervention Distance (SID), discussed below.

Structural Intervention Distance The Structural Intervention Dis-
tance (SID) counts the number of ordered node pairs (7, j) for which the
interventional distributions implied by the true DAG and the learned DAG

differ. To understand SID, we introduce the intervention distribution.

Given a directed acyclic graph (DAG) G over variables X = (X1, ..., X,)
with joint distribution £(X), the parents of a node X; are defined as

PAY = {X;:(i,j) € £}, (4.18)

meaning that X; is a parent of X; whenever the edge X; — X is present.

Pearl’s do-operator formalises interventions by replacing the conditional

distribution of the intervened node. Intervening on X; with distribution
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p(x;) yields

plas,...,xp | do(X; = p(z)))) = [ [ plai | 2ea,) - B(2)), (4.19)
i#]
whenever p(z1,...,x,) > 0, and zero otherwise.
A point intervention do(X; = Z;) is obtained by choosing p(x;) = 0, 3,
p(x, ...,z | do(X; =T;)) = l_Ip(xZ | Zpa,) * 0z; ;- (4.20)

i#]

Often we are interested only in the marginal effect of X; on another
variable X;. If X; is not a parent of X, the parent adjustment formula

(Theorem 3.2.2 in (Pearl, 20090)) gives:

px; | do(X; = ;) = D plwi | &, wea,) plaea,)- (4.21)

TPA,
SID compares a true graph Gi,e with an estimated graph Geq by count-
ing the number of node pairs (7, j) for which the interventional distributions

differ:

SID(Gusves Gprea) = | {(123) * Poyea (X, | do(X2))

(4.22)
# Do (X; | do(Xi))} .

A pair (7, 7) is called good if the intervention distribution obtained from
the learned graph matches that from the true graph for all observational
distributions £(X). Otherwise, the pair contributes one unit to the SID
score. In this way, SID evaluates errors in causal ordering, whereas SHD
counts only incorrect edges.

For a graph with V' nodes, the number of ordered node pairs (i, j) with
i #jis

Noairs = V(V = 1). (4.23)

The normalized Structural Intervention Distance is defined as

SID rue; pre
HSID(gtru67 gpred) = é%;/ _gf; d) . (424)
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Thus, nSID reflects the proportion of incorrectly estimated causal effects,
with values near 0 indicating high accuracy and values near 1 indicating poor

performance.

Causal Effect Estimation

After estimating the CATE for each marketing channel (as shown in Sec-
tion 4.3.2), we evaluate the accuracy of the causal-driven attribution model

using three complementary metrics.

Relative Root Mean Square Error The relative root mean square
error (RRMSE) measures the scale-normalized deviation between the esti-

mated causal effects 7; and the ground-truth effects 7;:

VES = )
RRMSE = Y= ,
n Zi:l |73

(4.25)

where n is the number of channels. This metric captures overall estimation
error relative to the magnitude of true effects.

The interpretation of the RRMSE depends entirely on the context, do-
main, and units of the outcome variable. Different research areas adopt
different thresholds for what constitutes an acceptable level of normalized
error. For example, in the energy and agricultural modeling literature,
model accuracy is often considered ezcellent when RRMSE < 10%, good
when 10% < RRMSE < 20%, fair for 20% < RRMSE < 30%, and poor
when RRMSE > 30% (Jamieson et al., 1991; Despotovic et al., 2016). These
thresholds illustrate that RRMSE benchmarks are not universal but rather
depend on the application context and the expected signal-to-noise ratio in

the data.

Mean Absolute Percentage Error The mean absolute percentage error

(MAPE) expresses the average proportional deviation:

n

MAPE — 100% Z

n
=1

7A'Z' — T;

(4.26)

Ti
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RRMSE and MAPE capture complementary aspects of estimation accuracy.
RRMSE gives more weight to larger errors because it is based on squared
deviations that are normalized by the scale of the true effects, making it sen-
sitive to large misestimations. In contrast, MAPE provides an interpretable
percentage-based measure of accuracy by averaging absolute proportional
errors. For instance, a MAPE of 5% indicates that the estimated causal

effects deviate from the true effects by only 5% on average.

Spearman Rank Correlation To evaluate whether the attribution model
preserves the relative importance of marketing channels, we compute the
Spearman rank correlation between the ground-truth causal effects and the

model’s estimated causal effects (Cornell et al., 2024).

Let C denote the list of marketing channels sorted by their true causal
effect, and C), the corresponding ranking produced by the attribution model.

For each channel x, we define its rank in the true and predicted lists as

ro(x) = position of channel z in C,

(4.27)
e, (x) = position of channel z in C,,.
From these ranks, we construct two ranked vectors:
Rc = (re(x1), re(xs), ..., ro(xy,)),
( ) (4.28)
RCP = (Tcp(xl)a TCP<'I2)7 ceey Tcp(xn))a

where n is the total number of marketing channels.

The Spearman rank correlation coefficient p between the two ranked lists
is defined as
63 i dF

p=1- 52 (4.29)

where d; = rc(x;) — ¢, (2;) is the difference in rank for the i channel, and
n is the total number of marketing channels.

Spearman’s p takes values between —1 and 1. A value of p = 1 indicates
perfect agreement, meaning the model recovers the exact ordering of true

causal contributions across marketing channels. A value of p = —1 means
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the estimated ranking is the exact reverse of the true ranking. A value of
p = 0 indicates no monotonic relationship between the estimated and true
rankings. In our study, a high Spearman correlation signifies that the model
correctly identifies which channels are more or less influential, even if the
estimated magnitudes differ. This property is particularly important for
resource allocation and budget optimization, where the correct ordering of

channel importance often matters more than precise effect magnitudes.

4.4 Results

This study uses Tigramite”, an open-source Python package for reconstruct-
ing graphical models (conditional independence graphs) from multivariate
time series based on the PCMCI framework, and DoWhy® for estimating
causal effects.

The algorithm proceeds in two steps. First, a PC step screens candidate
parent sets using a permissive threshold (apc = 0.2) to favour recall and
preserve potentially relevant dependencies. Second, a Momentary Condi-
tional Independence (MCI) test re-evaluates each retained link at a stricter
significance level (aycr = 0.05), ensuring robustness and suppressing spuri-
ous associations. This two-step procedure balances false negatives and false
positives, yielding stable edge sets across repeated runs.

To ensure a DAG causal structure, bidirectional links are pruned by
retaining the edge whose time-lagged effect has the greater magnitude, and
any remaining cycles are resolved using a priority rule that preserves edges
directed into the main outcome variable (e.g., conversions). This enforces

causal directionality toward the dependent variable of interest.

4.4.1 Optimal Time-delay Causality

Nevertheless, a major challenge when using PCMCI is specifying the appro-
priate time lag needed to reliably estimate causal links. We do not know in

advance which time lag best reflects the underlying causal relationships in

"https://jakobrunge.github.io/tigramite/
8https://github.com/py-why/dowhy

66


https://jakobrunge.github.io/tigramite/
https://github.com/py-why/dowhy

the simulated data. Therefore, an empirical assessment is necessary to iden-
tify which lag values allow PCMCI to most reliably recover the underlying

causal structure in our simulated environment.

To this end, we explore temporal lags up to 7. = 60 and evaluate
model performance across 1,000 simulated datasets. For each lag value 7,
we compute predictive and structural metrics, including AUC, TPR, FPR,
F0.5, SHD, and SID, and summarize their empirical distributions using
kernel density estimates (KDEs), shown in Fig. 4.6. Each ridge represents
1,000 simulations at a fixed lag and illustrates how both the central tendency

and variability of each metric evolve as 7 increases.

AUC Distribution Across Lags TPR Distribution Across Lags

(T = 45) with median = 0.700 R (T = 45) with median = 0.700
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Figure 4.6: Kernel density estimates (KDEs) of six evaluation metrics, in-
cluding AUC, TPR, FPR, F0.5, SHD, and SID across lag values (7). Each
subplot shows how the empirical distribution of the metric varies as 7 in-
creases from 0 to 60, using 1000 simulation seeds for each 7. The viridis
color gradient is used to visually distinguish KDE ridges at different lag
values; color does not encode density or any statistical quantity. Instead,
the horizontal width of each ridge reflects the density and spread of metric
values at a given lag. The red dashed vertical line marks 7 = 45, and the
red dashed horizontal line denotes the corresponding median metric value
at that lag.
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Across all six metrics, a consistent pattern emerges: performance steadily
improves with increasing lag, reaches its optimum around 7 = 45, and then
either plateaus or slightly deteriorates. At 7 = 45, the KDE ridges indicate
three desirable properties: (i) the best concentration of high-performing
metric values, (i) the lowest variability across seeds, and (1) a balanced
trade-off between predictive accuracy (AUC, TPR, F0.5) and structural re-
covery (SHD, SID). In addition, the FPR remains well controlled around this
lag, meaning it does not increase substantially despite gains in sensitivity
(TPR). Such behaviour is consistent with a saturation effect, where addi-
tional lag increases no longer introduce new false positives because most
meaningful dependencies have already been captured. This confluence of
high performance and low uncertainty identifies 7 = 45 as the optimal lag
value 7,0z

In conclusion, this result indicates that the simulated system exhibits a
characteristic time delay of approximately 45 time steps between channel
impressions and observed conversions. At this lag, PCMCI most effectively
captures the temporal propagation of causal influence across variables. For
this reason, all subsequent causal attribution experiments adopt 7., = 45

as the default time-delay configuration.

4.4.2 Causal-Driven Attribution Analysis
Illustrative Example

Causal DAG Discovery Fig. 4.7 compares the ground-truth causal graph
(left) with the graph predicted by the PCMCI algorithm (right). The true
DAG is generated from our simulated structural model (with seed value
155 in this illustration), where each directed edge corresponds to a known
causal relationship and all effects on the target variable, conversion. Of
course, the choice of seed is arbitrary, and any random seed would produce
a valid instance of the simulated structural model. Overall, our estimator
successfully recovers the major components of the underlying structure.
According to graph-distance-based metrics, the comparison determined

an SHD of 0.133 and an SID of 0.10, indicating strong agreement with
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the ground-truth DAG in both its structural configuration and its implied
interventional behaviour. These low values suggest that only a small number
of edge discrepancies remain and that the learned graph preserves most of

the true causal dependencies.

From a classification perspective, we also obtained a strong performance.
The TPR is 0.90, which means that 90% of actual causal edges were correctly
identified. The FPR is relatively low at 0.05, indicating that the predicted
graph is well calibrated in its edge decisions. Furthermore, the AUC is
0.925, showing that our method achieves a high level of discriminative power
when ranking edges by their likelihood of being causal. The F{ 5 score is
0.90, which confirms that the majority of the identified edges are accurate

and not attributable to false detections.

Although our causal graph discovery approach recovers much of the true
structure, it also introduces minor errors. For example, it fails to detect a
true edge from Facebook — Affiliates, and it incorrectly introduces spurious
edges such as Google Ads — YouTube. Additionally, the learned graph
contains certain sign errors, where the direction of causal influence is correct
but the estimated effect is negative rather than positive. To address these
issues, a post-estimation refinement step will be applied to improve the

accuracy of the predicted DAG.

(a) True Causal DAG (b) Predicted Causal DAG

Google Ads

Figure 4.7: Comparison between the ground-truth DAG (a) and the DAG
predicted using PCMCI (b).
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Causal Effect Estimation To assess the performance of our causal ef-
fect estimator, we first evaluate it under ideal conditions by providing the
true causal DAG as input. Since the simulated data are generated from this
ground-truth structure, the estimated causal effects should closely match
the true effects. This step verifies that the estimator is correctly speci-
fied and capable of recovering the underlying causal relationships when the
structure is known. We then apply the estimation using the DAG learned
by our discovery approach. To obtain robust estimates of causal effects, we
follow the procedure described in Section 4.3.2 and compute CATE using a
Monte Carlo approach. The estimation process is repeated 5,000 times un-
der independent stochastic draws, and the resulting estimates are averaged

to reduce variance.

It is important to note that small deviations are expected when using the
true graph. Each channel inherently contains noise, which causes estimation
error to accumulate along causal pathways with multiple parent nodes. For
example, in the graph shown in Fig. 4.7 (a), both Facebook and YouTube
have several outgoing connections, which increases noise propagation when
the estimator calibrates their effects. As a result, channels with direct
causal links such as Affiliates, Google Ads, and TikTok show nearly perfect
recovery, whereas Facebook and YouTube display slightly higher residual
error. This expectation is indeed reflected in the results shown in Fig. 4.8
(a).

When the estimator is applied to the predicted DAG (as depicted in
Fig. 4.8 (b), the overall accuracy maintains a high level of accuracy, with
effect estimates that closely reflect the true underlying causal effects across
channels. As expected, the residuals increase slightly relative to the true-
graph case, particularly for channels whose incoming or outgoing edges
were misidentified in the learned structure. Nevertheless, the deviations
are small, implying that the predicted graph is sufficiently accurate to sup-

port reliable causal effect estimation.

These observations are quantitatively supported by the results presented

in Table 4.2. Using the true graph yields very low estimation error, with
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Figure 4.8: Comparison of causal effect estimates and residuals for (a) the
predicted causal graph and (b) the simulated ground-truth causal graph,
compared to the true causal effects. Each panel shows the estimated causal
effects per marketing channel and the residual differences between estimated
and true values.

RRMSE of 3.16% and MAPE of 2.17%, along with perfect rank preserva-
tion as indicated by a Spearman correlation of 1.00. When the predicted
graph is used, error measures increase moderately to RRMSE of 5.27% and
MAPE of 4.20%, while rank correlation remains high at 0.90. This indicates
that although structural imperfections in the learned graph introduce some
additional estimation error, the overall magnitude of causal effects and their

relative ordering across channels are still captured with high fidelity.

Table 4.2: Comparison of causal effect estimation accuracy using the true
causal graph versus the predicted graph. Lower RRMSE and MAPE indi-
cate better estimation accuracy, while higher Spearman correlation reflects
better rank preservation.

DAG Input RRMSE (%) MAPE (%) Spearman Corr

True Graph 3.16 2.17 1.00
Predicted Graph 5.27 4.20 0.90

In summary, the results indicate that the estimator performs effectively
whether it receives the true DAG or the predicted DAG as input, confirming
that the workflow is both reliable and robust. However, this evaluation
is based on only a single synthetic instance. To obtain a more reliable
and statistically grounded assessment, the next section presents a broader

simulation study using the same evaluation metrics.
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Aggregate Simulation Results

Table 4.3 summarizes the estimation performance across 1,000 simulations,
generated by sampling 200 random DAGs for each depth level from 2 to 6
layers (corresponding to our five input channels and one target). This bal-
anced design ensures that each layer of structural complexity contributes
equally to the overall results. Several insights emerge regarding the be-
haviour and robustness of the causal effect estimator as DAG depth increases

and the underlying causal architecture becomes more complex.

Table 4.3: Estimation performance across DAG depths. Values report mean
=+ standard deviation over 200 simulations per depth.

Input DAG Metric 2 Layers 3 Layers 4 Layers 5 Layers 6 Layers All
RRMSE (%) 0.79+0.44 771+£736 10484+9.38 13.56 £10.81 14.96 £12.67 9.50 4+ 10.44
True MAPE (%)  0.69+0.38 4.43 +4.08 6.32 + 5.80 9.00+7.77 1018 +9.00  6.12+7.05

Spearman p  0.98 £0.05 0.92+0.16 0.87+0.24 0.84+£0.22 0.84+0.23 0.89 £0.20

RRMSE (%) 12.92+10.20 20.65+12.97 25.50+£13.72 29.34+15.37 32.76 +15.43 24.23+15.31
Predicted MAPE (%) 9.31£738 1597£10.72 22.34+£26.91 24.524+14.13 26.85414.07 19.80 £17.26
Spearman p  0.78 +0.29 0.63 £0.38 0.50 £0.44 0.40 £0.47 0.37 £0.49 0.53 £0.45

Performance when using the true DAG  Across different DAG depths,
the estimator shows strong accuracy when provided with the true causal
DAG. Both RRMSE and MAPE remain low for shallower graphs with two
to three layers and increase gradually as depth grows, reflecting the inherent
difficulty of recovering causal effects in structures with more parent—child
dependencies and greater noise accumulation. Even in the deepest configu-
rations with five to six layers, the estimation error remains moderate relative
to the scale of the simulated effects. The Spearman rank correlation also
remains consistently high, ranging from 0.84 to 0.98, indicating that the es-
timator reliably preserves the relative ordering of channel importance even
as absolute estimation error increases with graph complexity.

Aggregated results across depths further confirm the estimator’s robust-
ness. With an overall RRMSE of 9.50%, MAPE of 6.12%, and Spearman
correlation of 0.89, the estimator recovers true causal effects with high fi-
delity on average across a wide range of DAG structures. These metrics
demonstrate strong performance under the ideal condition of perfect struc-

tural knowledge, establishing a benchmark against which estimates using
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the predicted graph can be evaluated. The consistent preservation of rank
ordering is particularly relevant in practice, as marketing decision-makers
often prioritize relative channel importance over precise point estimates of

individual effects.

Performance when using the predicted DAG When the estimator
relies on the predicted graph rather than the true DAG, estimation error
increases, as expected. This decline in performance is statistically significant
for deeper DAGs (five to six layers), where structural inaccuracies intensify
the inherent complexity of the task. For instance, RRMSE grows sharply
from 12.92% at depth 2 to 32.76% at depth 6, with MAPE exhibiting a
similar increase from 9.31% to 26.85%. The Spearman correlation also drops
steadily as the number of layers increases, falling from 0.78 at two layers
to 0.37 at six layers, indicating reduced ability to correctly rank channel
importance under structural misspecification.

Overall performance across simulations indicates that the estimator re-
mains informative. With an RRMSE of 24.23% and MAPE of 19.80%, the
estimated causal effects differ from the true magnitudes by roughly 20 to
25 percent on average. While this represents a non-trivial loss of numerical
precision compared to using the true graph, it remains practically accept-
able range for most real-world attribution scenarios, where measurement
noise and structural uncertainty are unavoidable. The moderate Spearman
p of 0.53 further indicates that the estimator retains meaningful discrimina-
tory power, preserving the ability to distinguish high-impact channels from
lower-impact ones, even if rankings are no longer perfectly reliable.

Taken together, these results show that the proposed causal-driven attri-
bution approach remains useful under realistic conditions, providing mean-
ingful insight into relative channel contributions despite substantial struc-

tural noise in the learned DAGs.

Effect of DAG depth Both the true-DAG and predicted-DAG results
reveal a consistent pattern: estimation accuracy systematically declines as

graph depth increases. This decline is intuitive, as deeper graphs introduce
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more intermediate nodes and pathways through which noise can propagate,
amplifying variance in the effects. Additionally, deeper structures create
more opportunities for small errors in estimated relationships to accumu-
late and magnify as they propagate downstream along the causal chain.
Whether arising from incorrect edge magnitudes or missing or spurious
connections in the learned graph, their cumulative impact increases sub-

stantially with each additional layer.

The impact of depth becomes particularly pronounced when the esti-
mator relies on the predicted DAG rather than the true structure. In this
scenario, inaccuracies in the learned graph interact with the inherent com-
plexity of deeper causal architectures, resulting in compounding estima-
tion errors that degrade both numerical precision and rank-ordering perfor-
mance. This heightened deterioration underscores the sensitivity of causal
effect estimation to structural misspecification, especially in settings where

causal pathways span multiple layers or involve densely connected nodes.

Overall, the results show that while the estimator performs robustly
for shallow graphs, deeper causal architectures pose substantially greater
challenges. The degradation manifests both in terms of absolute numer-
ical accuracy and in the model’s ability to preserve the correct relative
ordering of channel effects. In contexts of multi-layered indirect channel in-
teractions, practitioners should expect greater uncertainty and place more
emphasis on directional insights and relative rankings rather than precise
point estimates. The results also highlight the value of pursuing accurate
structural discovery, as even modest improvements in the learned graph can
yield meaningful gains in downstream estimation quality when dealing with

complex causal systems.

4.5 Discussion and Conclusion

More than ever, businesses rely on data-driven decision-making to allocate
marketing resources and maximize return on investment. However, the

growing integration of Al into data driven technologies in digital advertis-
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ing, such as recommendation systems (Jabbar et al.; 2020) and digital plat-
forms (Purmonen et al., 2023), has made consumer journeys increasingly
complex, creating multi touchpoint pathways that span numerous chan-
nels (Micheaux and Bosio, 2019; Hardcastle et al., 2025). Simultaneously,
the rise of big data has introduced challenges related to missing and un-
certain information, complicating the interpretation of marketing signals.
Furthermore, stringent privacy regulations (as discussed in Section 4.1), to-
gether with platform-level restrictions such as the deprecation of third party
cookies, have sharply reduced access to the user-level data required by tra-
ditional attribution models. Consequently, path-based attribution methods
have become increasingly impractical, creating an urgent need for new ap-
proaches that operate in privacy-constrained environments while capturing

the complex interdependencies of modern marketing ecosystems.

To the best of our knowledge this is the first causal-driven attribution
utilising impression data without path information. When introducing a
new attribution model, it is essential to consider the standards and chal-
lenges it must address, foremost among them the type of data required. As
outlined in Section 4.2, many attribution methodologies provide reliable in-
sights but depend critically on user-level path data which detailed sequences
of individual user interactions across touchpoints are available. In the ab-
sence of such data, these methods cannot be applied, regardless of a firm’s
analytical capabilities. Our CDA framework addresses this limitation by
operating on aggregated data that does not require tracking individual user
journeys, while still capturing the relationships between marketing channels

and conversions.

Second, our approach uses impressions as independent variables, repre-
senting a necessary evolution beyond path-based attribution models that
rely primarily on clicks or visits. As privacy regulations increasingly re-
strict user-level tracking, organisations lose the ability to validate platform-
reported click data, making the collection of accurate and reliable click
records progressively more difficult. This shift aligns with growing industry

recognition that impressions capture valuable brand exposure that may not
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trigger immediate interactions but can meaningfully influence downstream
consumer behaviour over time. As discussed in Section 4.1, exposure effects
often precede and facilitate subsequent conversions, even in the absence of
direct click engagement. Accordingly, impression-based models not only
address the practical limitations of diminished click tracking but also offer
a more comprehensive view of marketing influence by capturing both di-
rect response effects and longer-term awareness-building mechanisms that

click-centric approaches overlook.

Third, the trustworthiness of attribution methods depends on their abil-
ity to uncover meaningful causal relationships among marketing channels
rather than mere correlations (Hair Jr. and Sarstedt, 2021). Practition-
ers need to understand which channels truly drive outcomes, not simply
which are statistically associated with conversions. Our CDA model ad-
dresses this need by estimating channel effects within a structured causal
framework. Although many existing approaches provide reliable attribu-
tion, most rely on user-level path data (Section 4.2.3). While aggregated
data preclude causal inference at the individual journey level, this limi-
tation is not problematic in practice. Businesses make strategic budget
decisions at the population level, where the primary concern is the over-
all influence of channels rather than the behaviour of specific individuals.
Without a causal understanding of these effects, firms risk allocating re-
sources to channels that appear effective but do not actually contribute
to performance (Robertshaw, 2017). For this reason, our approach is de-
signed to deliver credible causal inference from aggregated data, enabling

actionable marketing decisions.

Finally, because our approach does not require personally identifiable
information, it can be applied in environments where individual-level track-
ing is restricted by privacy or security regulations. This makes it par-
ticularly valuable for highly regulated industries such as pharmaceuticals,
telecommunications, healthcare, and education, where data protection laws
often render traditional tracking methods impractical or illegal (Seth and

Ramakrishnan, 2025; Schultz and Briiggemann, 2025). Beyond these sec-
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tors, the framework provides a practical solution for organizations seeking
effective attribution without incurring the substantial infrastructure and
compliance costs associated with collecting, storing, and securing user-level
data. By operating on aggregated data, our approach lowers both financial
and regulatory barriers, making advanced attribution analysis accessible to

organisations of varying sizes and capabilities.

4.5.1 Theoretical Implications

This paper contributes to the marketing and causal inference literature by
proposing a novel causal-driven attribution framework designed to operate
exclusively on aggregated marketing data, specifically impression-level time
series, without relying on path-level or user-level tracking. This addresses a
critical and growing need for privacy-preserving, scalable, and interpretable
attribution models in marketing analytics, particularly in regulatory en-
vironments where access to granular, identifiable data is increasingly re-
stricted or prohibited.

First, although SEM is traditionally used for path analysis and hypoth-
esis testing (Stein et al., 2011), its generative nature makes it well suited for
simulating synthetic data with controlled causal structure. In this study,
we leverage SEM to generate datasets that follow predefined relationships
among marketing channels and conversion outcomes. By explicitly encod-
ing causal pathways, functional forms, and noise processes, SEM allows us
to simulate realistic multivariate dependencies observed in marketing envi-
ronments. While no simulation can fully replicate real behavioural data,
SEM provides a coherent and interpretable approximation of the underly-
ing data-generating process through its regression-based formulation (Ila-
cobucci, 2009). These modelling assumptions offer a transparent, theoreti-
cally grounded foundation for controlled experimentation while preserving
key features of causal structure, noise propagation, and channel interactions.

Second, our CDA framework reconceptualizes attribution as a causal
inference problem rather than a correlational one, aligning with prior work

(Smith and Pell, 2003; Hair Jr. and Sarstedt, 2021). It advances attribu-
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tion theory by integrating causal discovery and causal estimation within
a unified analytical pipeline. In the discovery stage, the framework em-
ploys the PCMCI algorithm to identify temporal conditional independencies
and recover the directional structure among marketing channels using only
impression-level time series, establishing a causal graph without requiring
user-level tracking data. In the estimation stage, this structure is used to
compute CATEs that capture both direct and indirect channel contributions
to conversions, with a Monte Carlo procedure providing stable estimates
under uncertainty. Together, these stages link structural discovery with
causal effect quantification. Across multiple simulations, the framework
recovers true causal effects with high fidelity (RRMSE 9.50%, Spearman
correlation 0.89) when the true graph is known and maintains reasonable
accuracy under the predicted graph (RRMSE 24.23%, Spearman correla-
tion 0.53). Overall, this integration demonstrates that causal attribution
can be achieved from aggregated data while preserving interpretability and

robustness.

A third theoretical contribution of this study is the development of a
comprehensive benchmarking framework for evaluating attribution models
under controlled causal conditions. Since real-world marketing data rarely
reveal the true causal relationships among channels, empirical validation of
attribution models is typically constrained or indirect. By constructing a
simulation environment grounded in SEM, predefined causal graphs, and
systematically varied graph layers, our approach generates datasets where
the true channel effects are known by design. This enables robust, repeat-
able comparisons of attribution performance across a wide range of struc-
tural complexities and data generating processes. Beyond evaluating our
own framework, this benchmark provides a foundation for future research to
assess alternative attribution methods under transparent and reproducible
conditions. Thus, it contributes to the field’s methodological foundations
by establishing a standard approach for testing causal attribution models

when true causal structure cannot be directly observed.
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4.5.2 Managerial Implications

Our CDA model carries several practical implications for marketing man-
agers, analysts, and decision-makers who operate in increasingly complex
and privacy-constrained environments. First, managers no longer need to
rely on user-level data or cookies to make data-driven decisions. Our ap-
proach applies only on aggregated impression-level data, making it highly
applicable in industries where access to granular information is restricted
by privacy (as detailed in Section 4.1). This opens the door for more or-
ganizations that can adopt evidence-based attribution strategies, including

those that lack advanced data infrastructure.

A further managerial insight of this study concerns the ability of the
causal-driven attribution framework to capture the full marketing funnel.
Many traditional attribution models, including machine learning and deep
learning approaches, emphasize immediate conversion signals by predicting
whether specific sequences of user interactions lead to conversion and then
inferring attribution from model weights or feature contributions (Filippou,
Georgiadis and Jha, 2025). Such approaches often overlook the broader
dynamics through which channels interact and influence one another over
the customer journey. In contrast, our framework provides visibility into
how digital channels jointly operate across the funnel, capturing both direct
and indirect effects. This holistic perspective enables decision-makers to
understand the collaborative role of channels, supporting more informed

strategic planning and long-term business growth (Liu et al., 2022).

An important managerial contribution is related to marketing budget al-
location. With global advertising spending projected to exceed $1.17 trillion
in 2025 (Statista, 20250), effective budget allocation has become a critical
managerial priority. Existing literature presents several approaches to bud-
get allocation (Zhao, Hua, Yan, Zhang, Xu and Yang, 2019; Fischer et al.,
2011); however, most offer only partial visibility into the unique contribu-
tions of each channel within the overall marketing system. By estimating
both the direct and indirect influence of each channel, our framework offers

managers clearer and more actionable guidance for budget allocation. In
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addition, the ability to identify channels that exert negative or counterpro-
ductive influence enables firms to avoid wasteful spending and reallocate
resources toward more effective activities.

Based on these insights, managers should reconsider how performance
metrics and KPIs are evaluated within the marketing mix. Our method of-
fers a more comprehensive view of channel influence, enabling refinement of
existing measurement practices. This broader perspective helps managers
rebalance media portfolios by identifying undervalued yet effective touch-
points that traditional models may overlook. The framework’s simplicity
and scalability make it suitable for both early-stage firms with limited an-
alytical capacity and large organizations managing complex multichannel
campaigns. By reducing data requirements while increasing analytical rich-
ness, our approach helps democratize marketing measurement and supports
more informed strategic decision-making across diverse organizational con-

texts.

4.5.3 Limitations and Directions for Future Research

This study has several limitations that point to promising directions for
future research. We begin with limitations related to causal discovery. The
model relies only on observational data and does not incorporate inter-
ventional evidence, which is known to improve causal identification (Silva,
2016). In addition, as noted by Runge et al. (2019), causal inference de-
pends on a set of underlying assumptions. Our approach assumes causal
sufficiency, implying that all relevant variables are observed and that no
unmeasured factors jointly influence multiple channels. It also relies on
the causal Markov condition, whereby each variable is independent of its
non-effects given its direct causes, and on faithfulness, which requires that
observed conditional independencies reflect true structural independence
rather than coincidental cancellations. Future work should explore integrat-
ing interventional data to relax these assumptions and improve robustness.
Researchers should also enhance the simulation framework by incorporat-

ing more realistic temporal patterns and behavioural dynamics that better
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represent actual marketing environments.

Second, a wide range of causal discovery methodologies has been de-
veloped, as documented in the comprehensive review by Niu et al. (2024).
Determining a suitable algorithm requires alignment between the analyt-
ical goals and the assumptions that can plausibly be applied to the data
generating process. In this study, PCMCI was chosen because it is well
suited to impression level time series and can accommodate temporal de-
pendence structures that are common in marketing contexts. Nevertheless,
other discovery techniques may achieve stronger performance under differ-
ent modelling assumptions or where the data generating process follows
structural patterns not well captured by PCMCI. The present work there-
fore provides a benchmark against which future research may evaluate and
refine other causal discovery approaches, with the potential to enhance the

accuracy and robustness of causal driven attribution models.

A further set of limitations arises from the causal estimation stage, which
relies on observational data and thus cannot fully resolve the challenges of
non-experimental inference. As Li and Kannan (2014) note, such models are
inherently vulnerable to endogeneity and omitted variable bias. Although
our framework accounts for temporal ordering and conditional relationships,
unobserved heterogeneity or strategic behaviour, such as selective targeting
or endogenous channel activation, may still distort the estimated causal ef-
fects. These challenges are amplified in marketing settings, where channels
often exhibit interdependent spillover and carryover dynamics that are dif-
ficult to separate without controlled interventions. Future research could
extend the present model by explicitly incorporating spillover and carry-
over mechanisms to better capture the interconnected nature of marketing

activities.

Moreover, as Ferketich et al. (1984) discuss, residual analysis in causal
models often reveals violations of key assumptions, including misspecified
functional forms, nonlinearity, and correlated errors across equations. These
violations can undermine causal validity, particularly when feedback mech-

anisms or dynamic dependencies exist but are not explicitly modelled. In

81



our framework, residual dependence or patterns may signal unmodelled con-
founding or non-stationarity, potentially leading to biased causal effect es-
timates. Future work should thus explore robustness checks, alternative
identification strategies, and experimental or quasi-experimental designs to
validate the causal pathways identified through the proposed discovery and

estimation stages.
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Conclusion

5.1 Overview

This thesis is, at its core, a journey. It began not with a grand theoretical
framework or a pre-determined methodological roadmap, but with a ques-
tion rooted in genuine puzzlement. Prior to my research journey I was a
marketing practitioner. While I was working in the travel industry, I got
exposed to a particular consumer journey. Regardless of the marketign ac-
tivity, users would visit the website or app to complete their booking via
direct traffic source. In fact, a significant proportion of global online pur-
chases are attributed to direct traffic source. A source that, by definition,
can not be recorded as a marketing channel. As a result, similar problems
faced by many others. This observation was difficult to accept. If direct
traffic is where the conversion journey ends, it cannot plausibly be where
it begins. Something must have driven those users to type a URL, click
a bookmark, or return to a site they had visited before. The attribution

systems in widespread use simply had no way of recording it.

That question, uncomfortable in its simplicity, set this research pro-
gramme in motion. What follows is a summary of how each step emerged
from the evidence and limitations of the one before it, and where the journey

leads next.
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5.2 The Journey: From Pattern Discovery to
Causal Attribution

5.2.1 Step 1: Finding the Hidden Influence of Market-

ing Channels on Direct Traffic

Despite the volume of attribution research, certain segments of the consumer
journey had gone largely unexamined. In particular, the relationship be-
tween observable channel-level traffic and the purchases attributed to direct
traffic sources had received little systematic attention. Standard analytics
platforms are designed to measure the isolated performance of each channel;

they are not built to surface the interdependencies among them.

The first study addressed this gap directly. Using 89,394 purchase-level
observations from a European e-commerce retailer, it applied linear regres-
sion with multicollinearity and autocorrelation diagnostics to test whether
sessions originating from specific digital marketing channels were associated
with conversion activity recorded under the direct traffic source. The results
were unambiguous. Three channels: Google paid search, price comparison
engines, and email marketing collectively explained 61% of the variance in
direct traffic purchases. Channels that are evaluated solely on their own
last-click contribution are, in reality, also driving a substantial share of the
conversions that standard systems assign to a source with no visible mar-

keting antecedent.

This finding established the empirical foundation of the thesis. It con-
firmed that cross-channel influence is not merely theoretically plausible but
measurable on real data, and that the conventional attribution paradigm
systematically undervalues the downstream contribution of performance-

oriented channels.
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5.2.2 Step 2: Uncovering the Brand Effects of Perfor-

mance Campaigns

Having established that marketing channels influence outcomes beyond their
own attributed conversions, the natural next question was whether a simi-
lar dynamic operated at the level of brand building. The prevailing view in
digital media planning treats brand investment and performance investment
as distinct activities, evaluated on separate metrics and managed with sep-
arate budgets. This separation is embedded in how agencies are structured,
how campaigns are planned, and how success is reported.

The second study set out to test whether this separation holds empir-
ically. Using weekly marketing investment and branded search data from
a European e-commerce business operating across five countries, with an
annual media budget exceeding 3 million, it applied ridge regression with
adstock transformation to measure whether lower-funnel performance chan-
nels generate measurable effects on organic branded keyword searches. A
recognised proxy for brand awareness and brand equity.

Every major performance channel was found to drive branded searches at
a statistically significant level. Social media investment yielded the largest
effect. The combined model raised explained variance from 65.8% to 76.8%
once advertising carryover dynamics were properly accounted for.

These findings directly challenged the brand/performance dichotomy.
They also began to reveal the limits of studying channels in pairs or in
isolation: what the data showed, repeatedly, was a system of interdepen-
dencies. Understanding those interdependencies required a different kind of

framework altogether.

5.2.3 Step 3: From Correlation to Causal Attribution

While the second study was in development, the regulatory environment for
digital advertising was changing in ways that would make its core data re-
quirements increasingly difficult to satisfy. The General Data Protection

Regulation (GDPR) and the California Consumer Privacy Act (CCPA)

85



had already materially restricted the ability of advertisers to collect and
process individual-level behavioural data. Platform-level changes including
Apple’s App Tracking Transparency framework and the ongoing depreca-
tion of third-party cookies, were further eroding the tracking infrastructure

on which path-based attribution depends.

The implication was clear: models built around user-level journey data
were becoming structurally impractical for a growing share of organisations.
There was an urgent need for attribution approaches that could operate on
the kind of aggregated, impression-level data that remained accessible under

privacy-constrained conditions.

At the same time, the first two studies had established something im-
portant: channel interdependencies are real, they are directional, and they
matter for measurement. Attribution models that ignore these interdepen-
dencies will systematically misrepresent channel value. What was needed
was not just a privacy-compatible model, but a holistic attribution frame-
work. One capable of discovering the structure of channel relationships
without assuming it in advance, and then using that structure to produce

causal effect estimates rather than correlational associations.

The third study developed exactly this. The Causal-Driven Attribution
(CDA) framework is a two-stage pipeline: in the first stage, the PCMCI
algorithm identifies temporal conditional independencies among marketing
channel impression time series and recovers the directional causal structure
among them, without requiring user-level data, click sequences, or path
records. In the second stage, this discovered structure is used within a Struc-
tural Causal Model to estimate each channel’s incremental contribution to
conversions via Monte Carlo simulation of Conditional Average Treatment

Effects.

But developing the framework raised an immediate problem. In real-
world marketing data, the true causal contribution of each channel is un-
observable. There is no ground truth against which to validate attribution
estimates. To resolve this, the study developed a simulation benchmarking

environment using Structural Equation Models with predefined causal pa-
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rameters, enabling the generation of synthetic datasets in which the true
channel effects are known by design. Across 1,000 simulations spanning
five levels of causal graph complexity, the framework recovered true causal
effects with an RRMSE of 9.50% and a Spearman rank correlation of 0.89
under ideal structural knowledge, and an RRMSE of 24.23% with a Spear-
man correlation of 0.53 when the causal structure was inferred entirely from
data.

This confirmed that causal attribution is achievable from aggregated
data alone, and that it is robust enough to be practically informative even

when the underlying causal structure is not perfectly recovered.

5.3 Summary of Methods and Data

Table 5.1 summarises the three publications, the data employed in each,

and the principal methods applied.

5.4 Collective Contribution

Taken together, the three studies constitute a coherent and progressive re-
search programme. The first demonstrates, on real purchase data, that
indirect channel influence is both measurable and substantial. The second
demonstrates, across five markets, that the division between brand and per-
formance is empirically untenable. The third translates these insights into a
causal attribution framework that operates under the data constraints now
facing the majority of practitioners.

Each study inherits its primary research question from the limitation of
the one before it. The result is not three independent papers but a single
argument built across three empirical and methodological stages: that the
consumer journey is causally interconnected, that standard measurement
systems are blind to most of that interconnectedness, and that causal infer-
ence methods applied to aggregated data can recover a meaningful portion
of what conventional models miss — without requiring the erosion of user

privacy as a precondition.
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The contribution extends in four directions. Empirically, the thesis es-
tablishes cross-channel effects on real data at a scale and specificity not
previously reported in this literature. Methodologically, it introduces the
combination of ridge regression with adstock transformation for branded
search modelling, and the CDA pipeline as the first impression-only causal
attribution framework. Theoretically, it reconceptualises marketing attri-
bution as a causal inference problem and reframes the consumer journey as
a causally interconnected system. Practically, it provides tools that do not
require specialised data infrastructure, making rigorous attribution accessi-
ble to the organisations. Particularly, small and medium-sized enterprises,

that they need it the most.

5.5 Future Research Directions

This thesis opens several directions for future research, spanning method-
ological refinement, empirical extension, and the identification of new pat-

terns in consumer behaviour.

5.5.1 Improving Causal Discovery Accuracy

The CDA framework relies on the PCMCI algorithm for causal structure
recovery, and the simulation results show that estimation quality declines
as graph depth increases. A natural priority for future work is improving
the accuracy of the discovery stage. This could involve evaluating alterna-
tive causal discovery algorithms. Including constraint-based, score-based,
and hybrid approaches against the benchmarking environment developed
in this thesis. Additionally, incorporating interventional data alongside ob-
servational time series, where feasible, would relax the causal sufficiency
assumption and improve identifiability in settings where unmeasured con-
founders are plausible.

The simulation framework itself could be extended to incorporate more
realistic temporal dynamics, including seasonality, non-stationarity, and

heterogeneous carryover structures, better approximating the data-generating
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processes of actual marketing environments.

5.5.2 Identifying Other Common Patterns of Consumer

Behaviour

The first two studies surfaced two specific, previously underexamined pat-
terns in the consumer journey: the downstream influence of performance
channels on direct traffic conversions, and the brand awareness spillover
generated by lower-funnel media investment. There is reason to believe
that additional patterns of this type exist. Consumer journeys involve many
more touchpoints, platforms, and behavioural transitions than the specific
paths studied here.

Future research should systematically search for other recurring and
undervalued patterns in how channels interact, how consumers transition
between browsing and purchase states, and how impression exposure influ-
ences subsequent search and navigation behaviour. Cross-device and cross-
platform dynamics, in particular, remain poorly mapped in the empirical

attribution literature.

5.5.3 Making Attribution Decisions Without User-Level
Data

Privacy regulation is not a transient constraint. The structural erosion of
individual-level tracking data represents a permanent shift in the operating
environment for marketing measurement. Future research should continue
to develop the methodological infrastructure for effective attribution under
these constraints.

Promising directions include the extension of the CDA framework to
incorporate richer aggregated signals such as impression frequency distri-
butions, reach curves, and media mix variation without reintroducing user-
level identifiers. Bayesian approaches to causal discovery and estimation
may offer advantages in data-sparse settings, providing principled uncer-

tainty quantification alongside point estimates. Methods for combining ag-
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gregated observational data with the outputs of small-scale or historical
experiments could further improve the reliability of causal effect estimates
without requiring large-scale randomised trials.

More broadly, the field would benefit from shared benchmarking envi-
ronments — along the lines of the synthetic data framework developed in
Study 3 — that allow competing attribution methods to be evaluated under
comparable and transparent conditions. Such infrastructure does not cur-
rently exist in a standardised form, and its absence is a material obstacle

to cumulative methodological progress.

5.5.4 Scaling to Real-World Validation

The CDA framework has been validated on synthetic data. The next criti-
cal step is validation against empirical ground truth from controlled exper-
iments geo-based holdout tests, incrementality studies, or matched-market
designs. Such experiments are costly and operationally disruptive, but even
a small number of real-world comparisons would substantially strengthen
the evidence base for impression-level causal attribution and help calibrate

the conditions under which the framework’s accuracy is most and least re-

liable.

5.6 Closing Remarks

Understanding the consumer journey is one of the most consequential and
most methodologically challenging problems in marketing science. A sub-
stantial body of research has advanced our knowledge of how consumers
move across channels and touchpoints before converting. Yet the field con-
tinues to face a persistent tension: the most rigorous methods tend to be
the least accessible, while the most widely adopted approaches often rest on
assumptions that the empirical literature has repeatedly called into ques-
tion.

This thesis engaged with that tension from both directions. Its method-

ological contribution lies in demonstrating that the analytical tools available
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to the field can be extended in ways that are both theoretically grounded
and practically realisable. The combination of ridge regression with adstock
transformation, the application of temporal causal discovery to aggregated
marketing data, and the development of a simulation-based benchmarking
environment each represent methodological steps that advance what is mea-
surable, not merely what is measurable in principle. These contributions
are intended to be of value to researchers seeking to study channel interde-
pendencies, causal attribution, and privacy-constrained measurement under
real-world conditions.

At the same time, the research was designed with an awareness that
methodological rigour is necessary but not sufficient. The approach taken
here was therefore deliberate in its structure: rather than beginning with a
comprehensive framework, the thesis first isolated specific, underexamined
patterns in the consumer journey and addressed them with methods trans-
parent enough to be interpreted and replicated. Only once those empirical
foundations were established did the research build toward a holistic causal
attribution framework. The progression from targeted to holistic, from cor-
relational to causal, was not incidental to the thesis it was the thesis.

The result is a body of work that aims to contribute to both the academic
literature and to the broader project of making marketing measurement
more rigorous, more honest about what conventional attribution systems

miss, and more accessible to the organisations that need it most.
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Table 5.1: Summary of publications, data, and methods.

Publication Data Methods Outcome

Study 1 89,394 purchase-level Ordinary Least 3 channels (Google
Establishing the observations from a Squares (OLS) linear paid search, price
link: Does web FEuropean e-commerce regression. Multi- comparison, email)
traffic from various retailer (EU, single collinearity diagnostics explain 61% of
marketing channels market).  Daily ses- (VIF). Autocorre- variance in direct
influence direct sions by channel and lation diagnostics traffic purchases.
traffic source pur- direct traffic  pur- (Durbin—Watson).

chases? chases. Outlier analysis.

Marketing Letters,
2024

Study 2 Weekly marketing in- Ridge regression (L2 All major perfor-
Unveiling  digital vestment and organic regularisation).  Ad- mance channels
dynamics: Do branded keyword stock transformation drive branded
digital media in- search data from a (advertising carry- searches at a
vestments impact FEuropean e-commerce over). Cross-validated significant  level.
organic branded business, 5 countries, regularisation pa- Social media yields
searches? annual media budget rameter selection the largest effect.
Journal of Market- >3M. (A =191.048). R? improves from
ing Analytics, 2025 0.658 to 0.768.
Study 3 Simulated aggregated PCMCI algorithm First impression-
Causal-Driven At- impression-level time (temporal causal only causal attri-
tribution  (CDA): series (5 channels: discovery). Struc- bution framework.
Estimating channel Google Ads, Facebook, tural Causal Model RRMSE 9.50%,
influence  without TikTok, YouTube, (DoWhy). Con- Spearman p = 0.89
user-level data Affiliates). 1,000 syn- ditional Average (true graph).
arXw:2512.21211,  thetic datasets across Treatment Effects RRMSE 24.23%,
2025 DAG depths 2-6, (CATE) via Monte Spearman p = 0.53

generated via Struc- Carlo simulation (predicted graph).

tural Equation Models (5,000 draws). Bench-

with predefined causal marking: RRMSE,

parameters.

MAPE, Spearman p,
AUC, SHD, SID.

RRMSE = Relative Root Mean Squared Error; MAPE = Mean Absolute Percentage Error;
SHD = Structural Hamming Distance; SID = Structural Intervention Distance; DAG =
Directed Acyclic Graph; PCMCI = Peter and Clark Momentary Conditional Independence.
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