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ABSTRACT

For marketers, the shift to a cookieless, privacy-first digital
world is a significant challenge: how to meet consumer
expectations for privacy while ensuring the ability to
personalize for marketing performance. The article explores the
"Privacy-Personalization Paradox," discussing how regulatory
policies like GDPR and CCPA are interrelated, how consumer
perceptions of data use are evolving, and how third-party
cookies are impacting the landscape. The paper examines the
implications of this shifting landscape, drawing on insights
from marketing, data ethics, and digital strategy, and proposes
strategies for how organisations can adjust to the new world of
non-trackable data. It examines new methodologies such as the
gathering of first-party data, contextual targeting, Al-powered
predictive profiling, and privacy-safe technologies, and how
they may enable personalisation and compliance. The focus is
on the strategic relevance of trust, with transparency and
consent as key elements for customer loyalty and sustainable
value creation. The conclusions of the article are that privacy
requirements are not something to be avoided but an
opportunity to innovate and to make privacy first practices a
way to gain a new competitive edge in the future.
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1. INTRODUCTION

The current digital economy is based on a fundamental
contradiction that shapes the relations between consumer
software, digital marketing systems and regulatory policy — the
privacy-personalization paradox. In the last 20 years,
algorithmic  optimization engines, predictive analytics
platforms and real-time bidding (RTB) architectures have
changed the way consumers experience the ecosystem to a
hyper-personalized one. In this paradigm, digital systems track
user paths, past user queries, user geolocations and metadata
from nearby devices and use the information to infer user intent
and show very targeted commercial information. In practice,
these personalized ad systems have been found to lead to
massive customer engagement, product discovery and
transactional conversion rates.

To assess the current course of digital ecosystems, one has to,
first of all, understand the infrastructural embedding of user-
state tracking and commercial use. Web personalization
architecture has been historically designed for reconstructing
state in completely stateless protocols (like HTTP/1.1). But as
digital platforms became more and more commercial, the
evolution of simple session-state variables rapidly became
globally distributed tracking networks. High dimensional
feature vectors are a crucial element in algorithmic
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personalization frameworks for modelling user preferences. To
the advertiser and the data management platform (DMP) using
the legacy paradigm of unrestricted data collection, the more
data signals from user behavior that they were able to collect
and update in their user-profile state matrices, the higher the
conversion rate and the higher the ad click-through rate (CTR)
(1].

This was a very quick technical integration, with little
transparency to the user. Digital networks' value proposition
moved from delivering content to a marketplace of speculation
for user attention and intent. The accumulation of user data—
from active mouse movements to identifying devices
passively—became a very important performance factor. The
more that ad networks were able to deliver higher resolution
about individuals on separate browser sessions, the more
valuable display ad spaces became. Although this was
commercially expedient, it created a fundamentally
asymmetric paradigm for data-harvesting whereby the user's
browser was a passive destination for data as opposed to an
independent client.

Psychology and cognition behind such a system is very
complicated. The "privacy calculus" is a cognitive trade-off
model of how a consumer evaluates the interaction with a
tracking-centric digital interface, in which the perceived short-
term utility gained from the use of personalization (e.g.,
customized product recommendations, streamlined checkout
processes, location-based content etc.) outweighs the abstract
and long-term risks of disclosing personal information [2]. This
is a trade-off that is not done in a rational manner. As explained
by Acquisti, Brandimarte and Loewenstein [3], human decision
making when it comes to digital privacy is highly constrained
by cognitive limitations, information asymmetries and heuristic
biases. The overall impact of cross-site profiling is difficult for
consumers to assess since the adverse effects (e.g., data
breaches, manipulation of prices, intrusive surveillance) are far
removed from the consumer in both time and structure.

This is a cognitive disconnection that can be seen empirically
as the "privacy paradox" [4]. Although public opinion surveys
often show a large majority of Internet users feel very
concerned about online surveillance and exploitation of their
personal data [5], when it comes to behavior, there is a
consistent pattern of giving up very sensitive information (such
as email address, social network connections, and very precise
location data) in exchange for very nominal rewards (such as a
discount or a convenience for a short time). Over the years,
digital platforms have evolved to take advantage of the
behavioral vulnerability, using 'choice architectures' and 'dark
patterns' that make data collection very easy, but protecting
privacy very difficult. But with the growing public
consciousness of the system of tracking abuses, the cognitive
dissonance of the users has grown, and trust in digital systems
has eroded in general [6].
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Figure 1: Systemic Architecture of Digital Data Flows

In this fragile balance between user's fears and the data mining
of their systems, a series of structural shocks has upset the
equilibrium. The first of which is the aggressive enforcement
of the comprehensive data protection frameworks around the
world. Since the enactment of the European Union's General
Data Protection Regulation (GDPR) in 2018, the baseline for
user sovereignty has been set at consenting, freely-given, and
fully auditable [7]. Since then, the California Consumer
Privacy Act (CCPA) and later extension, the California Privacy
Rights Act (CPRA), have become law in the U.S., establishing
the right of consumers to limit the use of their behavioral
metadata for sale and behavioral tracking across contexts.
These laws effectively took the power away from ad networks
to silently track users and forced integration of explicit consent
management platforms (CMPs) that disrupted seamless user
tracking journeys [8].

At the same time, key actors of consumer operating systems
and browser environments made technical self-regulatory
changes, circumventing legislative deadlines. Apple Inc. has
brought vertical integration with the introduction of App
Tracking Transparency (ATT) in its iOS 14.5 and Intelligent
Tracking Prevention (ITP) in its Safari browser. These changes
introduced a default switch off of the cross-app sharing of the
Identifier for Advertisers (IDFA), meaning that the user must
opt-in. This single factor led to a tremendous amount of signal
loss, opt-in rates ranging from 15% to 25% around the world
[9]. Meanwhile, Google LLC, announced a multi-year Privacy
Sandbox initiative in the Chromium engine to fully remove
third-party cookies from the world's most popular web browser
Chrome and replace deterministic cross-site tracking with APIs
available in the browser itself which are aggregated to
minimize individual tracking vectors.

This paradigm shift is a serious limitation for data on a systems
engineering and optimization standpoint. The algorithms used
in digital marketing have always been based on the premise that

there is an abundance of data. The historical user vectors are

used to build probabilistic models for click-through rate (CTR

CVR

) and conversion rate ( ) for optimization engines,
recommendation systems and real-time bidding (RTB)
frameworks. In the case of the data pipeline, input features to
these machine learning models can go from dense, long-

horizon historical states to highly sparse, local and short-
horizon observations.

To formalize this system degradation, consider an ad place_ment
algorithm that aims to maximize expected revenue E R]
across a set of candidate ads  forauser  characterized by
a feature vector Xu . The optimization objective under full
tracking is defined as:

max E|R(alx,)] = P(Click|a,x,) x Bid(a)
ac A

In the legacy ecosystem, a high dimensional, cross-site, feature

x, € RP .
vector was used to capture multi-month
historical interactions between thousands of different domains.
In the modern privacy first paradigm, with tracking disabled at
the browser level and in which users refuse to grant consent,
x, € R¢

X, I
% becomes a very sparse local vector (where

d<D _ o _

) for which only some immediate, single-session
contextual signals (e.g., current page URL, device type, coarse
location) are available. This dimensionality collapse results in
a much  higher variance of the  estimator

P(Click|a, %, ) |
! , and therefore sub-optimal ad

placements, systemic misallocation of marketing capital, and a
significant loss in expected revenue [10].

In addition, the demise of cross-site deterministic identifiers
will impact multi-touch attribution (MTA) models. Systems
that don't continually track the user can't tell which multi-
channel touchpoints (how many and which) are leading up to a
conversion, like a search query, social ad viewed, retargeted
display banner, etc. As a result, high-resolution attribution is
abandoned and enterprise marketing teams revert to much more
aggregated, low-resolution marketing approaches, including
Marketing Mix Modeling (MMM) top down approaches. This
migration adds complexity to marketing investments, and
raises customer acquisition costs (CAC) and lowers marketing
return on investment (ROI).

Table I: Analytical Impact of Data Sparsity on System Performance and Regulatory Framework Comparisons

Dimension GDPR (EU) CCPA/CPRA (US - | Apple ITP & ATT | Google Privacy Sandbox
California) (Safari / iOS) (Chrome)
Primary Opt-In (Explicit, | Opt-Out (Right to stop the | Local Platform | API-Based Substitution
Mechanism affirmative consent | sale/sharing of personal | Blocking  (Technical | (Deprecating cookies,
required before data | information) opt-in default for cross- | processing targeting
processing) site tracking) locally)
Legal Basis Personal data is a | Consumer protection, | Corporate privacy | Technical standards
fundamental human right | transparency, and data | positioning & consumer | development & regulatory
(Art. 8 CFR-EU) control data protection balancing
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Identifier IP address, Cookie ID, | Any data linking to a | IDFA, client-side first- | Third-party cookies, IP

Target RFID, biometrics, | consumer or household party storage, URL | address  (Gnatcatcher),
location data search parameters fingerprinting vectors

Scope of | Global entities | Entities doing business in | Worldwide i0S devices | Chromium browser

Enforcement | processing data of EU | CA meeting revenue/data | and Safari browser | ecosystem and Android
citizens thresholds installations oS

Impact on Ad- | Severely limits | Forces "Do Not | Disrupted multi-touch | Replaces  deterministic

Tech unauthorized profiling; | Sell/Share" compliance | attribution, mobile | tracking with aggregated,
requires robust consent | pipelines across | retargeting, and | browser-enforced APIs
management programmatic bidding lookalike modeling

This is a research paper that discusses the intersection of system
compliance, data architecture and marketing performance. This
paper looks at how organizations can respond, not by
considering privacy-first mandates as an adversarial legal
barrier that is necessarily detrimental to marketing results, but
by reengineering the data pipelines that underlie them. We
believe that future-proof systems engineering needs to be in
line with the principles of Privacy by Design (PbD). Enterprise
systems can overcome the privacy vs. personalization
conundrum with the help of first-party clean rooms, advanced
natural language contextual models, and privacy-enhancing
technologies (PETs) such as federated learning and secure
multiparty computation. Finally, this is a way to transform
compliance into a positive, performance-focused, and
competitive advantage asset.

The rest of this paper is organized as follows. In Section II, the
technical aspects of how third-party cookies work and their
application to digital marketing are examined. In Section III,
you will learn about the legal, technical and platform changes
that were the impetus for the transition to a privacy-first
environment. In section IV, the effect of tracking restrictions is
modeled mathematically and then evaluated empirically. A
technical review of emerging alternatives, such as first-party
data strategies, contextual targeting engines, and privacy-
enhancing technologies (PETs) are provided in Section V.
Strategic Organizational and Architectural Frames for
Enterprise Implementation are covered in Section VI. Section
VII looks into the future with decentralized identities and self-
sovereign data models. Our findings are summarized and
technical recommendations are put forth in Section VIII.

2. HISTORICAL CONTEXT: THE ERA
OF COOKIES

In order to understand the existing systemic failure modes of
digital tracking and marketing attribution, there is a need to
analytically deconstruct how the HTTP cookie technical
architecture works. The programmatic advertising industry
wasn't born ready, it came about through a series of small hacks
of core Web protocols.

2.1. The Architectural Genesis of Web State
Management

The basic protocols of the WWW, in particular the Hypertext
Transfer Protocol (HTTP) are explicitly designed to be
stateless. In HTTP/1.0 and HTTP/1.1, every time a request was
sent from a client browser to a server it was treated as a separate
computational transaction with no knowledge of any previous
client-server interactions. Although this stateless design was
great for pulling documents in hypermedia format, it was all
but impossible to support authenticated sessions and dynamic
Web applications.

To resolve this issue of state-preservation, Netscape engineer
Lou Montulli invented the HTTP cookie in 1994. This was later

formalized in Internet Engineering Task Force (IETF) RFCs
2109 and 2965 and later replaced with RFC 6265 [11]. The
cookie was designed to be an innocent and harmless key-value
text file which would be placed directly on the client's local
browser memory by the Set-Cookie HTTP response header. If
this domain host is the same name as the name of the domain
in the address bar of the user's browser, then it is a "first-party
cookie. In its original conception, this tool was just a necessary
mechanism for local utility (the servers needed to remember
what items were in the user's shopping cart, what items were in
their wish list, and what user interface preferences they had
made, and to validate cryptographic session authentication
tokens without repeatedly asking for them to log in).

Technical First-Party Third-Party

Attribute Cookies Cookies

Domain Set-Cookie Set-Cookie domain

Origination domain explicitly differs from the host
matches the URL URL (injected via
in the browser's <iframe> or pixel).
address bar.

Execution Localized to the Global scope;

Scope specific publisher enables cross-origin
domain; cannotbe identification across
read by external thousands of
sites. independent

domains.

Security Typically Requires

Context deployed with  SameSite=None;
SameSite=Lax or Secure attribute to
Strict attributes to  function in a cross-
prevent CSRF  site context.
attacks.

Primary State Behavioral

Utility preservation: surveillance: ad
session retargeting,
authentication, deterministic multi-
user preferences, touch  attribution,
e-commerce cart programmatic
retention. profiling.

Regulatory High durability; High fragility;

Vulnerability largely exempt actively deprecated
from browser by ITP, Privacy
blocking  when Sandbox, and
utilized  strictly targeted by strict
for core GDPR enforcement.
functionality.

2.2. The Weaponization of the HTTP

Protocol

But the commercialization of the internet and the fast growth
of this kind of weaponization of architecture created a state
management mechanism, which is systemically used today, the

43



"third-party cookie. These cookies are used by a different
domain from the publisher's, and are placed by external scripts
that generate, read and store these cookies.

In the course of this digital networks were transformed into
speculative media platforms, and ad-tech companies developed
ways to break the topology of the Web. They did this by taking
advantage of the way that web browsers deal with cross-origin
requests. Advertising networks would insert invisible
<iframe>, 1x1 transparent tracking pixels (usually in GIF
format), as well as deeply embedded JavaScript Software
Development Kits (SDKs) into the HTML of the hosting
websites to cause the user's browser to make a secondary HTTP
GET request to an external ad server [12].
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Each time a user requested any publisher's page that included
these embedded third-party scripts, the browser would
automatically add the third-party cookie identifier (as well as
the Referer HTTP header with information about the exact
URL requested) to the request payload. The distribution of
these invisible assets on tens of thousands of independent
publisher sites enabled ad-tech companies to track users'
browsing paths around the world in unprecedented ways [13].
This essentially undermined the presumed privacy boundary
between client and server, and changed the decentralized web
servers into nodes in a centralized continuous surveillance
system.

Code Snippet 1: Legacy Third-Party Tracking Payload (1x1 Pixel)

This JavaScript payload illustrates how legacy ad networks dynamically generated invisible tracking pixels to harvest client-side state
and cross-origin referrers, transmitting them to centralized Data Management Platforms (DMPs).

2.3. Cookie Synchronization and
Algorithmic Real-Time Bidding (RTB)

This tracking model became significantly more complex when
the interoperability protocol known as "Cookie Syncing" (or
cookie matching) was formalized, in order to resolve the
extremely fragmented identifier namespaces throughout the ad-
tech industry. Publisher Supply-Side Platform (SSP) "A"
registers a particular web browser beneath an arbitrary
alphanumeric string (e.g. User ID 789) and Advertiser
Demand-Side Platform (DSP) "B" registers the very same
browser beneath a completely different alphanumeric string

(e.g. User ID ABC), so there was no uniform technique to bid
on the user accurately from the both platforms.

In order to fill this data gap, ad-tech platforms created
complicated, high-latency redirect chains that span multiple
sites and implement HTTP. The user's browser was used for
milliseconds until a web page loaded, and was used to carry out
a series of automated 302 Found HTTP redirects from the SSP
to different DSPs. This enabled the servers to sequentially read
their respective cookies and put matched values in backend
distributed hash tables [14]. This secret syncing protocol

44



allowed ad networks to gain three very profitable syncing
capabilities:

1. Construct Granular Psychographic Profiles: Data
Management Platforms (DMPs) could record and
correlate individual user actions, search history and
financial-specific questions and past consumer
behavior across a long period of time, such as several
months, and create high-resolution, deterministic
profiles of consumer intent.

2. Enable Ubiquitous Retargeting: Advertisers
gained the capability to serve highly targeted creative
collateral to specific user nodes who had previously
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abandoned shopping carts, relentlessly following
them across entirely unrelated publisher domains.

3. Optimize Real-Time Bidding (RTB): With all the
rich historical data, the ad industry made the leap to
algorithmic media buying via Real-Time Bidding
(RTB). DSPs consider the marginal economic value
of an individual ad impression during the 100
milliseconds that it takes to render a web page. To do
this, they pass the synced cookie ID to predictive
machine learning models, and then dynamically bid
based on the statistical likelihood of that ID
converting [15].

4. HTTP 302
5 Redlrect Follow .
Request Redirect
\, (Transmtts " .
(Transmlts (Initiate Cookie
ID_| DSP ABC) /
|D788P=789) Sync)
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Figure 2: FSM of Programmatic Cookie Sync

2.4. Systemic Fragility and the Collapse of
the Legacy Ecosystem

This programmatic architecture resulted in huge network
externalities that held over the short-term. Programmatic ad-
tech platforms quickly devoured hundreds of billions of dollars
in global ad spend, simply by proving their ability to
significantly reduce Customer Acquisition Costs (CAC) and
measurably boost the known conversion efficiency of display,
versus legacy contextual models. But a more careful and
academic consideration of the ecosystem shows that this period
was characterized by high structural fragility, high
informational asymmetry, and by low economic efficiency
[16].

The algorithmic hyper-optimization of targeted display
advertising has unlinked marketing investments from real
organic consumer utility in a holistic way over time. It enabled
a speculative secondary market with three key systemic failure
modes:

e  Widespread Programmatic Ad Fraud and the Market
for Lemons: The algorithmic hyper-optimization of
targeted display advertising has unlinked marketing
investments from real organic consumer utility in a
holistic way over time. It enabled a speculative secondary
market with three key systemic failure modes: There was
a huge asymmetry of information between advertisers
and publishers, which was exacerbated by widespread

Programmatic Ad Fraud and the Market for Lemons.
Since the entire process was done via invisible data
transfer and not human attention, it was easy to exploit
the system. The programmatic space was akin to George
Akerlof's theory of an economic "Akerlofian" market for
lemons. Malicious actors used large scale distributed
botnets which were specifically made to mimic real
human cookie-browsing histories, with billions of dollars
in fraudulent but unviewed impressions and automated
clicks generated. Deceptive user profiles meant that
advertisers were unable to determinately confirm the
quality of the user profile and therefore chronically
undervalued high-quality publisher inventory because of
the rampant use of deceptive traffic.

e Bidstream Data Leakage and Cryptographic
Vulnerabilities: The OpenRTB protocol is the backbone
of the automated ad stack, forming the basis of Bidstream
Data Leakage and Cryptographic Vulnerabilities. As
soon as an ad impression is available, the publisher's SSP
tells dozens or even hundreds of different independent
DSPs about the impression through a very detailed "bid
request". This payload also includes highly granular,
unencrypted user data (such as precise GPS coordinates
and device fingerprints, comprehensive browsing
history, and psychographic categorisation) as an inherent
part of it [17]. Importantly, this sensitive information is
shared with the whole demand side network, whether or
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not a specific DSP wins the ad auction. This architecture
was like an unmonitored and unauditable data-leakage
pipeline.

e Consumer Reactivity, Resignation, and Socio-
Technical Backlash: The digital marketing industry has
long rationalized hyper-personalization by saying it is a
value exchange, and that consumers are happy to give up
their privacy in exchange for free content and targeted

[ Programmatic Ad Spend (Billion
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advertising. But empirical evidence shows this to be a
"tradeoft fallacy": in fact, consumers were not willingly
giving up their data, but they were rather demonstrating
their resignation as they had no other way to do it [18].
But the intrusive, hyper-repetitive nature of persistent re-
marketing campaigns was a fundamental turn-off for the
user base, thus setting up a powerful socio-technical
counter-reaction.

* = * 1 Global Ad Blocker Installs (M

Figure 3: Ad Spend vs Ad-Blocker Proliferation

Violent client side ad blocking extensions and network level
DNS sinkholes (e.g. Pi-hole) were adopted mainstream, ending
all the tracking interactions between publishers and clients and
breaking the digital marketing measurement loops forever. The
industry was designed in such a way that the consumer would
be a 'commodity', a passive object to be mined, thereby
ensuring disruption as a structural inevitability and making the
extreme regulatory actions and technical deprecations
absolutely unavoidable.

3. THE PRIVACY-FIRST SHIFT

In today's regulatory and technological environment, there is a
systemic shift towards data protection and a fundamental
change in the way data is tracked, both in the legal and
infrastructural aspects. But there is no way to look at this
change individually, and as a series of disconnected events —
it is a whole-of-digital advertising sector reconfiguration of the
definition of personal data and the capabilities of the hardware
to track, and thus enforce scarcity.

3.1. The Evolution of the Legal Landscape

At the heart of this new regulatory landscape is the European
Union's General Data Protection Regulation (GDPR), which
came into full effect on 25th May 2018. GDPR was a complete
departure from the ‘“business-as-usual” attitude towards
privacy in the digital industry, which viewed privacy primarily
as a marketable commodity, and officially placed the right to
informational self-determination on the list of fundamental
rights [19]. This legislative instrument was unique in its
extraterritorial application, claiming jurisdiction over any
company or entity worldwide that processes the data of EU
citizens on any basis, even though the company might be
physically located outside the EU [20].

Two key aspects of the GDPR seriously affected the existing
dynamic of digital tracking systems:

e Article 4(11) and Article 7 (Explicit Consent
Constraints): The regulation required that "consent must
be freely given, specific, informed and unambiguous,
meaning that it must be given through a clear and
affirmative action. This hard-line interpretation of the

semantic definition took a dim view of the long-standing
ad-tech practice of “passive consent,” even as the current
state of the interface usually allows opt-in options (such
as by pre-checking interface boxes and/or by including
banners on the page that say “by continuing to browse,
you agree to our use of cookies”). Moreover, EU data
protection authorities repeatedly curbed the use of
"legitimate interest" as a processing ground for the
industry, essentially putting marketers on a "legitimate
interest" or "opt in" basis in accordance with Article 6..

e Article 25 (Data Protection by Design and by Default):
Imposed upon the organizations a legal obligation to
incorporate data protection principles by design and by
default. This article made it a rule that only the strictly
necessary personal data for a given functional purpose
may be processed, thus directly challenging the
programmatic model that was based on the maximum
accumulation of personal data of this kind in the form of
behavioral profiles, which were made up of a series of
hypotheses.

An alternative, but similarly disruptive, regulatory model in the
United States was created through the California Consumer
Privacy Act (CCPA) of 2018. Whereas the GDPR requires
consumers to affirmatively consent for companies to process
their personal data, CCPA adopts an opt-out approach and gave
consumers the right to ask companies to stop selling their
personal information, which is why the law is notorious for its
"Do Not Sell" provision. But the California Privacy Rights Act
(CPRA) which became effective in 2023, provides an
aggressive reversion to this framework around the definition of
a “sale”, which is rampantly exploited in the industry.
Importantly, the CPRA wupped the ante on compliance
parameters, by clearly adding “cross-context behavioral
advertising” and requiring that consumers also be given an
option to opt out of the “sale” of their information, as well as
the “sharing” of their information on different platforms [21].
The CPRA also required the browser-level Global Privacy
Control (GPC) signal to be recognized, so user choices to opt
out are made automatically, instead of through manipulative
site-specific consent dialogs.
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Table 3: Consent Mechanics: Explicit Opt-In vs.
Automated Opt-Out

Dimension GDPR (Explicit CPRA / GPC

Opt-In) (Automated  Opt-
Out)
Consent Tracking Tracking mechanisms
Default mechanisms are are enabled by default
disabled by until the user
default until  explicitly signals an
affirmative action opt-out.
is logged.
Legal Falls on the Falls on the enterprise
Burden enterprise to to establish

Technical

demonstrate that infrastructure capable
valid, uncoerced of halting data flows
consent was instantaneously upon
obtained prior to receiving a signal.
firing tracking

tags.

Granular Consent Browser-level Global

Mechanism  Management Privacy Control

Platforms (CMPs) (GPC) HTTP headers
requiring active or standardized Do-
user interaction Not-Track signaling

(click-through APIs.

modals).
Impact on Drastic reduction Maintained top-of-
Data in initial audience funnel capture, but
Funnel capture (high requires complex

drop-offrate at the ~downstream

top of the funnel).  suppression pipelines
for non-compliant
audience activation.

3.2. Platform-Level and Browser-Level

Algorithmic Enforcement

The law-making process was slow, as was the evolution of
international political systems, while the technology platforms
that determine access to hardware and browser layers were
swift with structural limitations on user tracking. These
emerged as unilateral regulators of the digital commons, all cast
as technical restrictions on pro-consumer privacy protections,
and as disruptions to the old attribution pipelines.

Apple App Tracking Transparency (ATT) and
SKAdNetwork: In 2021, Apple App Tracking
Transparency (ATT) and SKAdNetwork were introduced
in 10S 14.5, which mandated that all in-app activity and
data collection of mobile apps within the Apple
ecosystem be provided with a standard, non-interceptable
prompt for users to opt-in for explicit consent. The
immediate socio-technical impact was staggering; almost
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all opt-in rates around the world have dropped to about
15-25% [22]. This rendered the Identifier for Advertisers
(IDFA) unusable for the deterministic purposes for it was
intended. As a result, advertisers were compelled to
switch to Apple's exclusive SKAdNetwork (SKAN)
attribution. SKAN is based on the idea of delayed and
cryptographically batched postbacks, which on purpose
scramble user-level data and time conversion windows,
adding a ton of latency and killing the accuracy of Return
on Ad Spend (ROAS) calculations.

Apple Intelligent Tracking Prevention (ITP): ITP is a
machine learning algorithm that was first introduced in
Safari browser in 2017 and has since been continuously
and aggressively updated to automatically detect and
limit cross-site tracking domains. ITP also has a strict 7-
day limit on the lifespan of first-party cookies set by
tracking domains that it knows of (or that track you after
you click a link that was decorated on an ad platform,
where the life is reduced to 24 hours). Moreover, all the
arbitrary tracking parameters (e.g. click ID) are
systematically removed from the URL referral string,
thus disabling traditional web analytics and affiliate
marketing tracking methods.

Google Privacy Sandbox and Cryptographic
Auctions: Google's is the leading browser gatekeeper,
controlling more than 60% of the world's browser market
share, and it has been subject to a lot of scrutiny. This
multi-year Privacy Sandbox effort is aimed at a thorough
deprecation of third-party cookies, through the
development of native browser APIs, which provide
compatible, privacy-friendly ad-targeting tools without
compromising consumer anonymity. There are two
essential elements to this transition:

e  Topics API: The browser locally determines a set
of interest categories (e.g., “Automotive” or
“Fitness”) from on-device browsing history
computed over a sliding window of one week, and
sends to the website a coarse-grained set of these
topics instead of individual behaviors. These high-
level topics are given back when contacted by an
ad network and the actual underlying URLs are not
exposed.

e  Protected Audience API (formerly FLEDGE):
This API is a radical change in architecture from
the OpenRTB protocol that gets rid of the
centralized ad-exchange server model. Rather, it
allows for conducting an ad auction directly in the
user's device, in isolated, cryptographically secure
browser worklets. Ad buyers are able to target users
by groups that they were previously assigned to,
but the publisher and ad network are
mathematically prohibited from connecting the ad
impression to a central identity graph.
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Code Snippet 2: On-Device Ad Auction (Protected Audience API)

This snippet demonstrates the execution of a decentralized, cryptographically isolated ad auction directly within the user's browser via
Google's Privacy Sandbox, entirely bypassing centralized bidstream broadcasting.

3.3. The Structural Redirection of Market
Power and Antitrust Implications

A macro-level analysis of this transition, however, is critical
and highly controversial in nature as it shows that it is
indicative of a massive and deep transformation of digital
market power. These changes are being touted on the outside

as user-advocacy and consumer-protection efforts, but at the
platform level the tracking restrictions have fundamentally
changed the dynamics of the digital advertising industry [23].

Platforms like Apple and Google have aggressively decreased
the ability of third-party deterministic tracking working across
the open web, effectively hurting the ability of independent ad-
tech companies, independent Demand-Side Platforms (DSPs)




and independent web publishers that need robust targeted
advertising to fund their journalism and content. At the same
time these same architectural changes have greatly
strengthened the monopolistic power of “walled gardens” —
large, closed and self-contained digital ecosystems like Meta,
Google search, Amazon etc. The entities collect massive, very
rich and detailed user data directly in their own, closed and
authenticated, environment [24]. These platforms are based on
a closed loop architecture and are continuously logged in to
first party services, so they don't need third party cookies to
perform hyper-targeting or definitively attribute conversions.
As a result, the third-party cookie's deprecation has spurred a
swift and tangible shift in global ad spend straight into the
wallets of big, powerful digital platforms. The Competition and
Markets Authority (CMA) in the United Kingdom commenced
formal investigations of Google's Privacy Sandbox,
specifically highlighting that anti-competitive consolidation
disguised as “privacy-washing” will likely be difficult to
correct and will have lasting effects on the economics of digital
markets [25]. The privacy first shift, despite its success in
empowering individuals' right to control their data, has not been
without paradoxes, as it has put systemic control of data and
economic leverage in the hands of an ever shrinking group of
industry gatekeepers [26].

4. THE PARADOX IN PRACTICE

Regulatory requirements around data protection and OS-level
enforcement have converged and radically shifted the digital
marketing environment from one in which data was plentiful to
one in which data is very scarce. To grasp the operational
implications of this shift, it is critical to have an understanding
of the consequences of these tracking restrictions on modern
conversion attribution models, and therefore on marketing
ROL

The idea of this structural friction can be explained using the
concepts of information theory. A digital advertising system is
really an optimization network, which is aimed at reducing
uncertainty about consumer intent. This uncertainty was
reduced in legacy systems by consistent, high frequency, cross-
site collection of behavioral signals. This abrupt constraint on
the signals puts a lot of informational entropy into the data
pipeline. The greater the signal attenuation, the less predictive
ability of the algorithms used by ad-tech systems, and the more
they're forced to operate in an uncertain state of high parameter
variance.

4.1. Mathematical Formalization of ROI
Degradation under Signal Scarcity

Digital marketing optimization engines are closed loop
feedback systems that automatically shift budgets between
channels in response to the value of previous touchpoints that
customers have interacted with. For a given consumer, the
sequence of marketing events exposed to the individual can be
modeled as a continuous-time sequence for a fully
deterministic tracking context.

Y, € {0,1} . . i
Let if the conversion was binary for user
and $Y_{i} = 0$ otherwise. The exposure path captured by the
user is defined as a high dimensional fully observed behavioral

feature vector , with elements being
frequencies, latencies, or intensities of engagement with

marketing channel J over a multi-month time window. The
predictive model for the conversion probability,
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P(Y;=1]z)

logistic link function:

, is normally defined in the sense of a

1

P(Y;=1|z)= - (—(Bn +ﬁfzj))

= S . . .
Here, is the marginal channel effectiveness
vector.
When considering the privacy-first paradigm, withholding of
user consent and deletion of cookies at a user's browser result
in an incomplete version of the exposure vector,

i;—M;@Z; ®

, where denotes the Hadamard

) M
product of two vectors, and M‘ = {[]‘ 1} R

indicating which elements are missing from the observed
version. In case a user denies tracking of third parties or denies
opt-in consent (e.g., under Apple's App Tracking
Transparency), the masking matrix zero-fills all historical
cross-site and cross-app elements, reducing the dimensionality

of the Z; = M‘E © 2 to a single-session, localized
z; ¢ RX K< M

vector , W1
-

B

outcomes Z; , rather than the true exposure vector Z , 18
severely biased and has a large variance. Then the true data
generating process will be split between the observed channels
Z: (e.g., first-party touches) and the unobserved channels Zi
(e.g., third-party retargeting tracks) with parameters B1 and ..
The estimator B of the conversion regression model with only
sparse matrix Z: has its expectation:

E(131) =P+ (Z{Z) 7] Z, B,
Under the logistic link function, where W is the diagonal
weight matrix with w;; = p; (1 — p;), the variance of the
individual observations. The bias term,

“zrw Zl){_l}ZlTW Z,B5 is mnon-zero because the
unobserved tracking channels Z. are highly correlated with the
first-party channels Z: (e.g., a consumer who is searched for a
product is also highly likely to be retargeted with a display ad).
This structural bias leads to the wrong type of optimization
engines that allocate capital based on channel availability and
visibility at the time of optimization, and not on the actual
effectiveness of the channel.
At the same time, the variance of the estimator of the
parameters Var(B) is inversely proportional to the Fisher
Information Matrix I(B):

1B)=2"Wz
where Z is the design matrix of user exposures. In tracking
prevention, all the historical columns and rows are removed,
making the design matrix Z very sparse, column rank deficient.
This structural change causes the collapse of the eigenvalues of
1(B) and near-singularity. The systematic overestimation of the
parameter estimator variance directly affects its predictive
power, leading to significantly increased mean squared error
(MSE) of conversion predictions.

A . AN 2 A
MSE(/?) = Blas(ﬂ) + Var(ﬂ)
The larger the prediction error of the conversion probability
estimator, the worse the utility maximisation function in the

The parameter estimator based on the sparse observed
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system. Bidding algorithms (using detailed, per impression
CVR estimates to determine bid price) usually fall back to
safety margin bidding, to not only reduce the price of bidding
for ad space and thus yield for publishers, but also increase
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Customer Acquisition Costs (CAC) for advertisers because of
the poor placement of ads. As this parameter estimation
instability worsens, so does the expected revenue of the system,
and the actual ROI curve of the campaign moves down.

Impact of Signal Masking (%) on Attribution

Figure 4: Attributed Conversion Value Decay Curve

4.2. The Attribution Collapse: Multi-Touch
Attribution (MTA) vs. Marketing Mix
Modeling (MMM)

Digital marketing optimization engines are closed loop
feedback systems that automatically shift budgets between
channels in response to the value of previous touchpoints that
customers have interacted with. For a given consumer, the
sequence of marketing events exposed to the individual can be
modeled as a continuous-time sequence for a fully
deterministic tracking context.

Let Yi=1 if the conversion was binary for user i and ¥; = 0

otherwise. The exposure path captured by the user is defined as
a high dimensional fully observed behavioral feature vector

zZ; € RM , with elements Z;; being frequencies, latencies, or
intensities of engagement with marketing channel j over a
multi-month time window. The predictive model for the
conversion probability, P(Y; = 1| z;), is normally defined
in the sense of a logistic link function:

1
P(Y; =1|z) =
1+ exp(=(Bo + B72)
Here, B € RM is the marginal channel effectiveness vector.

When considering the privacy-first paradigm, withholding of
user consent and deletion of cookies at a user's browser result

in an incomplete version of the exposure vector, Z; = M; ©
Z; denotes the Hadamard product of two vectors, and M; €

{0,1}M, indicating which elements are missing from the
observed version. In case a user denies tracking of third parties
or denies opt-in consent (e.g., under Apple's App Tracking
Transparency), the masking matrix zero-fills all historical
cross-site and cross-app elements, reducing the dimensionality

of the Z; to a single-session, localized vector Z; € R¥ with

K « M.

The parameter estimator 5 based on the sparse observed

outcomes Z;, rather than the true exposure vector Z;, is severely
biased and has a large variance. Then the true data generating

process will be split between the observed channels Z1 (e.g.,
first-party touches) and the unobserved channels Z, (e.g.,
third-party retargeting tracks) with parameters 1 and 5. The
estimator Bl of the conversion regression model with only

sparse matrix Z has its expectation:

] — T - T
E [31] =P+ (ZIWZ) T ZIWZ,B,
Under the logistic link function, where W is the diagonal

weight matrix with w;; = p;(1 — p;), the variance of the
individual observations. The bias term,

ZIwz)1ZIwZz,B, is non-zero because the
unobserved tracking channels Z are highly correlated with the

first-party channels Z; (e.g., a consumer who is searched for a
product is also highly likely to be retargeted with a display ad).
This structural bias leads to the wrong type of optimization
engines that allocate capital based on channel availability and
visibility at the time of optimization, and not on the actual
effectiveness of the channel.

At the same time, the variance of the estimator of the

parameters VaT(,[)A’) x I(,B)_l
() =2ZTwz

where Z is the design matrix of user exposures. In tracking
prevention, all the historical columns and rows are removed,

making the design matrix Z very sparse, column rank deficient.
This structural change causes the collapse of the eigenvalues of

B and near-singularity. The systematic overestimation of the
parameter estimator variance directly affects its predictive
power, leading to significantly increased mean squared error
(MSE) of conversion predictions.

MSE(B) = Bias(B)” + Var(B)
The larger the prediction error of the conversion probability
estimator, the worse the utility maximisation function in the
system. Bidding algorithms (using detailed, per impression
CVR estimates to determine bid price) usually fall back to
safety margin bidding, to not only reduce the price of bidding
for ad space and thus yield for publishers, but also increase
Customer Acquisition Costs (CAC) for advertisers because of
the poor placement of ads. As this parameter estimation
instability worsens, so does the expected revenue of the system,
and the actual ROI curve of the campaign moves down.
Table 4: Attribution Architecture Comparison: MTA vs.

MMM
Bottom-up: Top-down:
Evaluates Evaluates
individual, aggregated,
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deterministic user
paths (e.g.,
Markov  Chains,
Shapley Value).

Highly dependent
on persistent,
cross-site
identifiers
(Cookies, IDFA)
to connect session
states.

Critical:  Models
collapse when
tracking is blocked
or consent is
denied (producing
broken transition

macro-level time-
series data.

Entirely
independent  of
user-level
tracking; utilizes
total ad spend,
impressions, and
sales volume.
Zero: Operates on
anonymized,
aggregated
financial and
performance
metrics safely

graphs). outside of
regulatory scope.
Near  real-time: High latency:
Capable of Requires weeks
informing or months of
immediate historical data
programmatic variance to
bidding achieve Bayesian
optimizations. parameter
convergence.

In the midst of this attribution collapse, enterprises are left with
no option but to turn to newer versions of Marketing Mix
Modeling (MMM). MMM uses extremely aggregated, time-
series macroeconomic data and does not involve any browser
level tracking [27]. Modern MMMs use a Bayesian structural
time-series (BSTS) and state-space formulations to model the

relationship between aggregated marketing investments X, tg
(in channel j at time t in geography g) and sales outcomes

Ytg~ These models also incorporate various factors that might

be affecting the results, like normal seasonal variation, big
macroeconomic changes and competitive pricing pressures.

A generic Bayesian state space model of sales dynamics is
specified as:

]
Ytg = a; + Tt + Zﬁjf(Xth, 6],/1]) + )/Tth
=1

t Neg
where at is the local linear trend, T is the seasonality and w tg
is a vector of outside control variables such as promotions,

competitor activity, etc. The media transfer function f )
includes non-linear adstock retention rates /; to reflect temporal
carryover effects as well as diminishing returns scaling

parameters 0 ' (Hill functions). The cumulative adstock volume

Atj, is calculated in a recursive manner:

Atj = Xt] + AjAt—l,j
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The Hill function is then used to model the non-linear media
impact:
aj

f (A 605, a ) = Atj
30 %) = —@
A, ;T Hj
Mathematically sound and completely free from loss of privacy
signals, MMM has some structural limitations. Second, it has a
high temporal and geographic variance in media spend, so it is
not a good match for small / medium enterprises with a stable
media spend. Second, it is extremely slow and has high
operational latency, with the requirement to aggregate data for
weeks to get actionable insights. Lastly, it also can't optimize
real-time, personalized dynamic creative ad delivery or enable
real-time programmatic bidding as it works with aggregated
data.

4.3. Empirical Performance Attrition:

Programmatic Bid Evaluation

This programmatic data shortage has real-world repercussions:
it's evident in world-wide media auctions. Cookie syncing is
crucial in real-time bidding (RTB) platforms for the
programmatic advertising industry because it enables them to
provide accurate economic values on inbound ads impressions.
With a synced cookie identifier, when a publisher SSP sends a
bid request to an advertiser's DSP, the advertiser's DSP can use
programmatic targeting parameters to retrieve the user's
historical profile and make a high-value bid.

Wang, Jiang and Yang [28] showed, in their far-reaching
empirical study, that analyzed more than 3.7 billion
programmatic ad impressions in the wake of GDPR
enforcement, a quantifiable economic meltdown in non-
consented programmatic auctions. The average revenue per

click (RPC) declined by 5.7% when a user actively denied
consent, resulting from an immediate decrease in bid prices
from the DSPs that did not have the historical profile
parameters to support premium targeting rates.

In addition, the CVR and CTR for programmatic display all
saw decreases post-regulation of 5.4% and 2.1% respectively.
This performance loss is because DSPs must rely on
generalized, non-personalized ad creative without access to
cross-site interest profiles, and that will lack relevance for
consumers, and drive up the “true” Customer Acquisition Cost
(CAO) [1].

The disruption of this signal loss is especially bad for
retargeting campaigns. In the old days, retargeting campaigns
had conversion rates as high as 70% compared to regular
display campaigns, as these messages were very relevant to the
users' behavior. Since the deprecation of cookies, the match
rates for retargeting audiences (the percentage of people who
visit a website that can be targeted by a DSP on a publisher
website) have dropped 60%-80% [9]. The lack of a large
enough targetable audience pool to work with is a major hurdle
in being able to scale retargeting campaigns, and thus increases
media spend, while forcing brands to find other ways to acquire
customers from the top of the funnel.
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Code Snippet 3: Programmatic Bid-Valuation Degradation Simulation

Reference: Section IV-C. This Python simulation models the decay of bid valuations ($E[R]$) as deterministic user signals are
increasingly masked, causing estimator variance to inflate and optimal bid prices to contract.

5. EMERGING SOLUTIONS

Organizations need to be reconstructing their underlying
technical stacks systematically in order to continue to achieve
ROI on their marketing efforts in this privacy-first and highly-
regulated environment. The paradigm change from third party
data brokerage to centralized data poses the necessity for
architectural migration towards decentralized computational
nodes with privacy preservation. As a result, the infrastructure
required for the transition from legacy cross-site tracking will
be hybrid, utilizing first-party data ecosystems, deep-learning

contextual NLP engines and mathematical Privacy-Enhancing
Technologies (PETs) to the fullest possible extent.

5.1. Architectural Evolution of First-Party

Customer Data Platforms (CDPs)

The demise of third-party signals has made it absolutely
necessary to move to a first-party (or zero-party) data strategy
now, which is housed within enterprise Customer Data
Platforms (CDPs). CDPs ingest structured, authenticated first-
party customer signals directly from touchpoints entirely
owned by the business, such as their mobile app, authenticated
e-commerce transactions, point of sale terminals and customer




support databases, unlike legacy Data Management Platforms
(DMPs) that relied on ephemeral, high-risk third-party
programmatic profiles.

In a modern CDP, the prime way of resolving identity is based
on a deterministic "identity graph. The identifiers used in this
system are unique and persistently authenticated, so they can
be used to correlate different touch points into a single
customer profile, which can be an email address, a phone
number or a signed up user ID for example, and which can be
hashed with a unique algorithm like SHA-256. This identity
resolution is also within the scope of the enterprise's direct
customer relationships and therefore naturally satisfies the
requirements of GDPR and CCPA data-minimization
requirements, since it does not collect data outside of the scope
of the initial data ingest point, where explicit consent would
have been sought [29].

Deterministic graphs are based on authenticated states, but
businesses are increasingly using probabilistic graph resolution
to connect data where there is no explicit authentication. While
deterministic matching ensures that the same sessions are
grouped together, probabilistic matching uses predictive
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Identity
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algorithms to compare non-PII signals (such as IP subnets,
browser user-agent strings and time that users spend browsing)
to determine a confidence score on whether two separate
sessions are from the same entity or not. This, however, creates
a tremendous compliance conundrum. Probabilistic device
fingerprinting is effectively a way of actively flipping the
GDPR Article 5 data minimisation and transparency principles.
Also, an operational first-party ecosystem requires the use of
strong integration with Consent Management Platforms
(CMPs). The constant "ask for permission" message to the user
has recently also raised socio-technical concerns of "consent
fatigue" [30]. The tendency for users to opt-out by default, due
to cognitive exhaustion, in order to avoid an intrusive user
interface. So the engineering problem of a modern CDP is
much more than simply ingesting data. It means making the
user experience the best possible, in terms of the "Return on
Consent" (RoC) with the highest possible rate of highly
transparent, frictionless, value-based, data exchanges. These
pipelines need to be able to use cryptographic consent state
tokens, the tokens are propagated down instantly to all
downstream activation platforms (CRM tools and walled
garden APIs) when the user updates their privacy settings.
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Figure 5: Enterprise CDP Architecture

B. Deep Learning and Contextual Semantic Natural
Language Processing (NLP)

Contextual targeting has become a popular and privacy-safe
way to target that is highly scalable as pervasive behavioral
targeting capabilities quickly die out. In the past, contextual
advertising was based on basic keyword matching, which often
resulted in brand safety problems and opportunities overlooked
because of the lack of semantic nuances. But modern
contextual targeting engines completely remove the need for
personal identifiers and, instead, use cutting-edge deep learning
and Natural Language Processing (NLP) technology to
examine the complex semantic context of web pages live.

The modern algorithmic systems use the Transformer based
language model (e.g BERT or RoBERTa variants) to create
high dimensional vector embeddings of publisher content [31].
For a publisher web page D, the contextual engine extracts the
content of the web page, and passes it through a pre-trained
stack of encoders to obtain a dense semantic representation of
a web page.

The output of the TransformerEncoder is the embedding
hp € R for the tokens of the input text of the decoder.

At the same time, candidate ad creatives A are transformed to
the same joint vector space:

The creative parameters of the first transformer are passed

through the Transformer Encoder to get a vector hy € ]Rd,
which is the first transformer's creative embedding.

Then the relevance score S(A, D) between the candidate ad
and the webpage hosting text is computed by applying the

cosine similarity between the corresponding vector
embeddings:
hy - hp
S(4,D)=—A""D _
lhall Aol

The system has a threshold of cosine similarity to determine the
execution of the ad auctions, and therefore this provides highly
relevant ads, without user level tracking. This study by Wang,
Jiang, and Yang [28] suggests that the impact of GDPR on the
conversion rate is about 44% and the revenue-per-click loss is
about 42% which can be compensated for by advanced
contextual targeting.

Although deep contextual targeting is a rather elegant way of
computation, there are still some basic structural issues with it
when compared to deterministic behavioral tracking. As the
architecture does not consider any of the user's past interactions
or state, contextual systems cannot deliver cross-session
frequency capping or sequential messaging. If there is no
mechanism to keep track of the fact that a user has seen a
particular creative asset many times, there could be significant
ad fatigue issues as well as reduced ROAS (return on ad spend)
for the campaigns. To reduce this, enterprise architectures often
hybridize contextual NLP engines with cohort-based
aggregation APIs (e.g., the Chrome Privacy Sandbox Topics
API), essentially providing a compromise between stateless
NLP semantics and local, privacy compliant, user history.
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C. Privacy-Enhancing Technologies (PETs) in Advertising

Organizations are using advanced Privacy-Enhancing
Technologies (PETs) for scenarios that specifically require
multi-party data collaboration, such as matching an advertiser's
CRM acquisition list with a publisher's massive audience
database and definitively measuring conversion attribution.
The math and crypto enable separate entities to gain analytical
value from the same data pools without exposing the raw
consumer data which remains private, encrypted and kept out
of view.

1) Differential Privacy (DP)

Differential Privacy is a strict mathematical guarantee of data
privacy. It guarantees that the result of an algorithm (like an
aggregated ad attribution query) cannot be used to determine if
a particular person was included in the underlying data set [32].

A randomized mechanism M is €,§ for every pair of
neighboring datasets X, Y (with exactly one difference in one
record) and output set S S Range(M):
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P(M(x) €S) < e P(M(y) ES) +6
The parameter € is called the "privacy budget" as it is the

absolute maximum information leakage allowed, and § is the
negligible probability of failure. With Differential Privacy
comes a fundamental and non-trivial engineering trade-off
between privacy guarantees and statistical utility, which is
sometimes called the privacy-utility frontier.

If the privacy budget is set to a very low value of € (closer to
zero), the Laplace or Gaussian noise added to the conversions
can have a profound effect on the accuracy of the conversion
metrics, and mathematically ensure near-perfect anonymity.
On the other hand, a large € value will allow good analytical
accuracy, but will weaken the privacy guarantee, and may fail
to meet strict compliance thresholds. This parameter needs to
be optimized in a dynamic and adaptive framework for noise
injection that is perfectly suited to the volume and sensitivity
of the data of the campaign [33].

Code Snippet 4: Differential Privacy via Laplace Noise Injection

Reference: Section V-C. This Python implementation demonstrates how localized €, §-Differential Privacy is applied to aggregated
conversion metrics, mathematically guaranteeing that individual user trajectories cannot be reverse-engineered.
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2) Federated Learning (FL)

Federated Learning allows to develop predictive algorithms for
personalization at the edge, on the native applications of the
different brands, across a very distributed network of devices
(e.g., consumer smartphones), without ever centralizing
sensitive raw behavioral logs [34]. The raw telemetry data is
not uploaded to a vulnerable central Cloud server, but the
machine learning model is sent straight to the local client nodes.

Each client node K provides its local, isolated dataset Dy, to
train the model, calculating localized models' weight updates
Wgc_l_l, for a series of iterative epochs. All of these updates are

then reported back to a central coordinator server which is
responsible for combining the updates (through sophisticated
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algorithms like Federated Averaging (FedAvg)) to generate an
updated comprehensive global model:

K
t+1 — o
n t+1
k=1
— — Vk :
where Ny = |Dk| and n = Zkzlnk. Preserving data
minimisation principles, Federated Learning is raw user
interactions that never leave the local device. But, FL
introduces great communication bottlenecks because of the
huge bandwidth of transporting the weights of the deep neural
networks between edge nodes back and forth [35].
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Figure 6: Federated Learning Update Loop

3) Secure Multi-Party Computation (SMPC) & Clean
Rooms

Secure Multi-Party Computation (SMPC) is used when an
advertiser and a publisher have to cross reference their
respective datasets without exposing their raw customer data to
each other, in strictly controlled "Data Clean Rooms" [36].
SMPC uses powerful cryptographic techniques (e.g., Shamir's
Secret Sharing or Yao's Garbled Circuits) to partition secret
pieces of mathematical information of datasets among several
independent computational nodes.

In particular, a strong secret sharing scheme will divide a user

identifier x into n different cryptographic shares:
n

X=ZSiP

i=1

These encrypted shares are then directly used in the
computational nodes to perform algebraic operations (e.g.
compute exact intersection of the two databases to be used for
conversion attribution). An authorized quorum of shares is
required to reconstruct the raw identifiers, which no individual
node is able to do. The result of the entire protocol is only
known when the protocol is completed, but in an encrypted
format.

But network latency and huge computation overhead are the
two fundamental constraints that limit the use of SMPC. In
many cryptographic protocols, e.g., Garbled Circuits, a huge
amount of data needs to be sent around, and many rounds of

communication between nodes are needed. However, based on
the programmatic advertising use case, where latency is a strict
100 milliseconds and the RTB auctions have to be settled,
SMPC is not feasible for pre-bid decision making due to its
computational burden. So for now, it has a limited use case and
can only be used in asynchronous, post-impression
computation, such as delayed conversion measurement,
aggregated MTA modeling and audience overlap analysis in
Data Clean Rooms, but not in live ad serving [37].

6. STRATEGIC IMPERATIVES FOR
MARKETERS

Today's companies will need to make the leap from a systemic
approach to a cookieless digital economy. Today, adherence to
regulations such as GDPR and CPRA must be seen as an
offense-driven effort that is no longer simply a legal "box-
ticking" process that can be done in isolation by risk mitigation
teams. Rather, organizations need to re-engineer their technical
marketing stacks, data governance policies and cross-
functional leadership models to ensure that data privacy
becomes a fundamental engineering parameter and a key
differentiator. That means breaking down the “legacy” thinking
that is currently associated with data extraction, and replacing
it with architectures that are based on verifiable value exchange
commitments.
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6.1. Reframing Trust as a Quantifiable
Economic Asset

In legacy digital advertising architectures, customer trust was
often ignored and considered a soft branding measure, set apart
from the hard counters and numbers that fed into programmatic
ROI and real-time bidding algorithms. But with a privacy-first
approach, users' trust directly dictates the amount and quality
of the deterministic data entering company systems. If
consumers don't trust, opt-in rates drop to consent-tracking
frameworks (like Apple's ATT prompt) resulting in machine
learning recommendation engines losing the behavioral signals
that can lead to parameter degradation.

This relationship can be formally analysed by considering
customer churn rate (C R) to be a function of perceived privacy
intrusion (¢) and personalization utility (Up). In the usual

formulation of behavioral economics, this relationship is
written as:

CR(¢,up) = CRy - exp(y1¢p — v2up)

where CR is the basic churn rate and yq,Y, > 0 are
sensitivity parameters. With legacy and low-trust environment,
the perceived privacy intrusion $\phi$ is very sensitive to
tracking intensity. In a modern, transparent architecture,
consumer trust ($T$) will be a key intervening variable,
reducing cognitive friction of data sharing, and effectively
reducing the intrusion the consumer feels:

¢

¢effective = m
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where the trust-moderation coefficient is o > 0. If the
moderated intrusion value is replaced in the churn equation, it
will be:

CR(¢, up,T) = CRy - exp (yl [1_;%] — yzup)

This formulation shows that, in case of high user trust (T >>
0), user personalization (Up >> 0) can be achieved even with
advanced data collection mechanisms without compromising
customer churn rate, which can be stable or even decreasing.
This chilling effect, as described by Aguirre et al. [38], has a
negative impact on the effectiveness of ads, while openly
collecting data based on trust does not have the same chilling
effect, leaving consumers vulnerable to the data.

Moreover, trust has a direct economic dividend, which is "zero-
party data" that consumers voluntarily and deliberately provide
to a brand (such as preference center choices, purchase
intentions). Zero-party data is much more signal than noise
compared with the inferred, third-party behavioral tracking
data. Trust creation as an economic asset decreases the
dependence of organisations on speculation-driven data
brokerage markets and fundamentally lowers their Customer
Acquisition Costs (CAC) as well as conversion precision [39]
By contrast, firms with deceptive choice architectures and/or

opaque ones have high systemic risk, because increases in Up

are balanced by exponential increases in churn due to growing
privacy concerns.

Churn vs Personalization Utility

sonalization Utility

ata Extraction 1

Figure 7: Trust-Moderated Churn Optimization

6.2. Architectural Integration of Privacy by
Design (PbD)
The Seven Foundational Principles of Privacy by Design (PbD)
Ann Cavoukian [40] are an engineering methodology that need
to be systematically adopted in order to solve the paradox of
privacy and personalization. This approach to privacy - as a
patch at the end of the software or as a generic consent pop-up
- invariably results in loss of system performance and user
experience. Data protection has to be built in natively to all
levels of the enterprise data architecture, instead. This changes
the cost of privacy compliance to a structural capital
expenditure (CAPEX) to create lasting infrastructural agility
rather than an operational expense (OPEX) to deal with legal
fires.
To implement PbD principles in today's marketing engineering,
it's important to implement some structural changes:

1. Proactive, Not Reactive; Preventative, Not Remedial:

Systems need to be proactively capable of preventing

data leakage. For example, instead of capturing raw
unencrypted IP addresses and trying to scrub the data
downstream in a database in the cloud, edge-computing
frameworks should receive only truncated or
salted/hashed geographic data where it is being
generated.

2. Privacy as the Default Setting: Systems need to be
designed to maximize anonymity of the user by default.
Data should not be tracked or shared with others if the
user does not take any action to use the Internet or any
electronic communications. It's a burden that must lie
solely on adding immediate, tangible value to the user, or
else opt-in will not happen. Clearly, deceptive Ul patterns
that make it difficult to opt out of services in the long run
violate this principle and erode the long-term brand
equity [41].

3. Privacy Embedded into Design: Built-in Privacy:
Privacy mechanisms need to be an intrinsic part of core
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computations of the product. Machine-learning models,
for instance, should be preferred on device locally rather
than continuously telemetry ingested from the cloud.
This means algorithmic personalization can be done on
the user's device, so the raw behavioral data remains
under the physical control of the wuser, and
mathematically, there is no risk of centralized data
breaches.

4. Full Functionality — Positive-Sum, Not Zero-Sum:
The main tenet of PbD is the emphatic repudiation of
false dichotomize. Marketers need to break out of the old
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mentality in which consumer privacy is in direct conflict
with business intelligence. Organizations can separate
identity from behavior by using privacy-enhancing
technologies (PETs), including a local Differential
Privacy and secure multi-party clean rooms. This enables
them to make very precise performance attribution and
conversion measurements, while ensuring the
mathematical anonymity of individual users without
giving up functionality.

Table V: Privacy by Design (PbD) Implementation within MarTech

Relying on legal teams to scrub non-compliant
data after it has been stored in a cloud
database.

Pre-checked consent boxes and "implied
consent" derived from passive page scrolling.
Bolting on third-party consent tools over
legacy, leaky data architectures.

Assuming personalization requires total
surveillance, leading to a zero-sum trade-off.

Broadcasting raw bidstream data via the
OpenRTB  protocol across unverified
exchanges.

Hiding data-sharing partners in dense, legally
impenetrable Terms of Service documents.

Utilizing deceptive UI / "Dark Patterns" to
deliberately frustrate user attempts to opt-out.

Deploying edge-computing scripts to salt-and-hash
identifiers before transmission to central servers.

Zero tracking pixels fired until explicit, affirmative
interaction with a CMP occurs.

Utilizing deterministic first-party identity graphs
governed by real-time consent orchestration state tokens.
Deploying Secure Multi-Party Computation (SMPC) to
achieve deterministic matching without revealing raw
datasets.

Executing local ad auctions within isolated,
cryptographically secure browser worklets (Protected
Audience API).

Implementing real-time, interactive preference centers
allowing users to audit and revoke specific data flows
instantly.

Designing frictionless, human-readable interfaces that
treat the user's data sovereignty as a core product feature.

6.3. Organizational and Governance
Convergence: CMO, CIO, CPO, and CDO

In the past, the legacy enterprise structures have worked in the
very disjointed and conflictual silos. The Chief Marketing
Officer (CMO) was charged with delivering maximum user
acquisition, retention and conversion — by metrics which were
heavily focused on short term performance (Cost Per
Acquisition) and which were structurally designed to
encourage aggressive and unrestrained data collection. In
contrast, the Chief Information Officer (CIO) was concerned
with infrastructure reliability and the Chief Privacy Officer
(CPO) or General Counsel was perceived as a legal risk
mitigation gatekeeper with only compliance matters in mind.
This separation in structure will be very fragile and will be a
huge liability from a legal and economic standpoint in a
cookieless and privacy-centric landscape. To survive in this
landscape, the fast formation of cross-functional data
stewardship committees and breaking down these barriers is
necessary. In the enterprise, the Chief Marketing Officer
(CMO), Chief Investment Officer (CIO), Chief Product Officer
(CPO) and Chief Data Officer (CDO) must work together to
co-design the enterprise data pipeline [42].

e The CMO needs to move away from the
measurement of raw lead volume toward data
quality, "Return on Consent" (RoC), and maximizing
Customer Lifetime Value (CLV) with compliance
risk considerations. Short term acquisition costs are
the only measure of marketing leadership, and thus

everything is looked for that alters or circumvents
privacy architectures with technical workarounds.

e The CIO needs to design highly integrated first-
party Customer Data Platforms (CDPs) with secure
architecture and deterministic matching and sub-
second real time consent orchestration (CO)
capabilities, meaning that if a user opts out from the
mobile app, email and display retargeting pipelines
should stop all over the world.

e  The CDO (Chief Data Officer) needs to streamline
the data taxonomy and ontology throughout the
organization in a way that zero-party data collected
by marketing can be easily mapped to the
cryptographic protocols used by the CIO's
infrastructure without compromising raw data
identifiers.

e The CPO needs to be more proactive than reactive
as a technical solutioning partner. The CPO needs to
investigate how new privacy technologies, like
Secure Multi-Party Computation (SMPC) and
synthetic data pipelines for generating data, can be
actively used to optimize campaigns, while
remaining fully compliant with laws [43].

This convergence makes it possible for privacy compliance to
become a proactive, integral spawner for technical and creative
marketing innovation. Those that are able to break down the
silos will have the edge over their counterparts that are still
caught up in in-house turf wars.
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Figure 8: Cross-Functional Governance Model

7. FUTURE OUTLOOK

The shift to user-centric data sovereignty over the next decade
of digital marketing will be a major structural change from
platform controlled identities to decentralized identities.
Existing architectures of data brokerage will be phased out in a
gradual process as global regulatory frameworks develop into
strict enforcement mechanisms and consumers become more
wary of the ubiquitous surveillance.

7.1. Self-Sovereign Identity (SSI) and
Decentralized Data Markets

The main technical paradigm that is going to disrupt the
landscape in the near future is the mass adoption of Self-
Sovereign Identity (SSI) technologies. SSI is a radical rewrite
of the trust layer of the digital world and is based on W3C
technical standards for Decentralized Identifiers (DIDs) and
Verifiable Credentials (VCs) (VCs). It gives individual users
the ability to take full ownership, control and cryptographically
secure their personal identity graphs in localized edge
environments without relying on centralized gatekeepers like
Google, Meta and Apple [44].

A consumer in an SSI-driven digital economy will have many
attributes, such as a deterministic purchase history,
demographic vectors verified by the consumer, and explicit
product preferences, stored locally in a highly secure
cryptographic wallet. In the course of dealing with an e-
commerce site or digital publisher, the user doesn't give up
persistent, unencrypted tracking cookies. Instead, the
verification is done through Zero-Knowledge Proofs (ZKPs).
ZKP protocols (like zk-SNARKSs) enable a “prover” (the user's
wallet) to prove to a “verifier” (the advertiser's platform) that a
certain statement is true, in this case that the user is a precise
target for a high value demographic or has an active intent to
buy a car without giving away the raw data that makes that
statement true.

Moreover, this cryptographic independence helps to develop
Decentralized Data Markets. Future brands will be involved in
peer-to-peer data marketplaces, as opposed to ad-tech go-
betweens silently harvesting and arbitraging consumer profiles.
Individual consumers and consumers collectively will
monetize their zero-party data through Data Trusts and
Decentralized Autonomous Organizations (DAOs). Marketers
will openly bid through smart contracts, making micro-
transactions with the verified intent signals coming directly
from the consumer, and forming a transparent, bilateral
economic exchange.

7.2. Regulatory Harmonization and the

"Brussels Effect"

At the regulatory level, the global digital advertising market is
at a pivotal moment with a mix of centralisation and localised
fragmentation. Since the U.S. hasn't had a comprehensive
federal privacy law in place for a long time, a patchwork of

state privacy laws (and specific privacy requirements in
California, Virginia, Colorado, Connecticut, and Utah) has
emerged. Such jurisdictional fragmentation also demands
costly and burdensome computational and administrative
compliance on the part of enterprises that must maintain
complex and highly localized data-routing pipelines to comply
with different and sometimes conflicting legal definitions.

But in the next 10 years, structural consolidation is very likely,
as a result of what has been dubbed the “Brussels Effect” [45].
Keeping the technological architectures bifurcated (with O (1)
complexity for compliance) is economically and technically
suboptimal, which has led multinational corporations to
progressively fall back on the strictest regulatory denominator,
which is, in most cases, the European Union GDPR. As a
consequence, the European concept of privacy, which includes
the principles of transparency of algorithms and data
minimization, becomes the de facto global standard, imposing
these obligations in markets without strict local laws.
Moreover, regulators from around the world will not only be
vigilant about policing data collection, but also actively work
to break the anti-competitive architectures of platform
gatekeepers. “Privacy-washing” is due to get a major hit from
the European Union's Digital Markets Act (DMA) and UK's
Competition and Markets Authority (CMA). Regulators will
break down infrastructures in which the dominant operating
system providers are able to bar third-party tracking on the
open web under the guise of user protection but have
unchecked tracking capabilities within their own proprietary,
multi-billion dollar ad networks [46].

Table 6: Strategic Future Scenario Matrix (10-Year

Horizon)
Centralized Reliant on fragile,
around probabilistic device
deterministic, fingerprinting and
authenticated obscure third-party
first-party CDPs identity resolution
and Zero-  graphs.
Knowledge
Proofs (ZKPs).
Minimal. Critical. Subject to

Compliance  is

constant

treated as an operational
architectural disruption (OPEX)
constant and massive
(CAPEX), liability as regional
neutralizing the laws outpace
impact of technical
workarounds.
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localized privacy

laws.

Trust acts as an Trust deficit
economic accelerates
multiplier, customer  churn;
expanding the any attempt at
optimization personalization
frontier and triggers heightened
securing  high- privacy anxiety and
quality zero- brand alienation.
party data.

Sustained  high Diminishing
ROAS due to returns. Increasing

deep  semantic CAC and
targeting (NLP) decreasing LTV as
and robust, the addressable
privacy-safe market shrinks due
federated to unmitigated
learning tracking blockades.
ecosystems.

7.3. Autonomous Algorithmic Agents and
Agentic Commerce

From passive, conversational assistants to active, autonomous
agents, fundamental paradigms of consumer marketing will be
changing, and it could turn out to be an existential change.
Digital marketing techniques that are based on the psychology
of the display [47], emotional retargeting [48], and behavioral
nudges [49] will become structurally obsolete in an ecosystem
in which autonomous agents will dominate.

As consumers' purchasing power continues to increase, they
will need to hand over more and more of it to very localized
and personalized Al agents focused on making commercial
transactions on their behalf. These so-called "algorithmic
consumers" will continually evaluate the user's tightly
restricted and highly protected local data, real-time contextual
requirements, and harsh budget requirements. Rather than a
consumer scrolling down their e-com feed, their agent will
directly negotiate with algorithms on the brand level through
secure machine-to-machine APIs.

Then the main focus of marketing optimization will switch
from human psychology to maximizing utility of algorithms.
Purchasing agents are not at all susceptible to visual persuasion,
whereas humans who are buying products are bound by
bounded rationality and cognitive biases. They value
transactions by maximizing an objective utility function,
U(x) = X, w;a; (ie., verifiable product attributes such
as price, durability, shipping speed, carbon footprint, etc. and
the user's localized preference weights).

Enterprise data systems will have to change from intrusive
surveillance networks that target human weaknesses to
surviving in the age of "agentic commerce. Rather, they are
required to design the product catalogue and semantic API
interfaces which are very structured, transparent and
mathematically verifiable. Brands that manage to sustain their
ROI will be the ones that can get their value prop on the
autonomous consumer agents surfing the Digital Economy in a
smooth, accurate and secure manner.

8. CONCLUSION

The shift to a cookieless, privacy-first digital economy is a
permanent, structural reset of the internet's communication and
commercial basis, not a faceless and temporary disruption that
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can be addressed with thin and short-term technical fixes. The
digital advertising industry long dealt with an unsustainable
situation of asymmetric tracking, consumer profiling that took
place within opaque, complex data-broker networks. The
combination of systematic depreciation of the third-party
cookie, platform-level enforcements and international
regulatory frameworks such as GDPR and CPRA has revealed
the core structural, economic and ethical weaknesses of this
legacy system. These legacy systems impacted consumer trust,
placed enterprises at massive risk and created a very inefficient,
fraudulent programmatic marketplace that ultimately
disconnected the brand utility of the ad-spend.

Most importantly, this paper shows that the “Privacy-
Personalization Paradox” does not necessarily have to be a zero
sum game. Technical rigour and strategic re-engineering can
help to overcome the inherent conflict between consumers'
desire for highly personalised experiences and their expectation
for informational privacy. Smart companies can create robust,
efficient systems that uphold the rights and freedoms of
individuals while ensuring effective campaign optimization by
shifting the lens on data privacy from reactive, legalistic, and
compliance-centric to proactive, systematic, and design-driven.
This paradox needs to be reconold at a level where
organizations change from a legacy approach of extraction
towards a mutual reciprocity approach.

In order to maintain marketing ROI in this very limited space,
the marketing team must make several technical changes in
multiple core systems:

e  First, organizations must establish robust first-party
Customer Data Platforms (CDPs) deterministic identity
graphs and automated real time consent-orchestration
pipelines, that honour consumer wishes on every
touchpoint.

e  Second, the industry needs to scale up the use of deep
learning, models that use Transformers and contextual
NLP to map the page context and creative assets into a
common high-dimensional vector space and create ads
with high-relevance without having to process any
personal identifiers.

e Third, the use of mathematical Privacy-Enhancing
Technologies (PETs) — localized Differential Privacy,
decentralized Federated Learning and Secure Multi-Party
Computation (in clean rooms) — must become a norm, to
allow secure attribution and machine-learning
optimization, without centralizing the raw data.

The strategy forward requires a whole cultural and structural
alignment in the modern enterprise. Historical organizational
silos need to be eliminated and system, data, privacy and
marketing engineers must co-design secure and compliant data
pipelines. In the case of data minimization and cryptographic
security — which are essential to the Privacy by Design (PbD)
framework — they are not simply retrofits onto the system
design, but core system features. Companies that get ahead of
the curve and embrace this paradigm shift will foster resilient
data pipelines, drive better consent rates, and foster trust on the
part of consumers that is both strong and long-lasting. In fact,
the shift to a privacy-first data architecture is more of a catalyst
to corporate profitability than a hindrance.
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