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Abstract
The implementation of the EU General Data Protection Regulation (GDPR) poses significant challenges 
to the measurement of advertisement performance, necessitating a shift away from traditional tracking 
methods such as web beacons, cookies and browser fingerprinting. With the discontinuation of third-
party cookies and increased privacy standards, it has become harder for marketers to optimise 
advertising spend and attribution models. This paper explores the GDPR’s impact on the ad tech 
industry and anticipates challenges in adapting to a cookieless and more regulated data environment. In 
the wake of iPhone Operating System (iOS) updates and app tracking transparency, direct-to-consumer 
(D2C) companies have witnessed shifts in advertising spending across different channels. The study 
investigates three main measurement models: marketing-mix modelling (MMM), multi-touch attribution 
(MTA) and incrementality for D2C marketers, highlighting incrementality as the most effective method 
for analysing advertisement impact and optimising spending. The key contributions include a proposed 
triangulation framework that combines data from MMM, MTA and incrementality to support a data-
driven approach, offering insights for tactical and strategic decision-making. To validate the proposed 
framework, a mixed-methods approach involving qualitative and quantitative surveys is designed. 
Targeting experienced advertising professionals, the survey evaluates the implementation of MMM and 
incrementality, assessing the various decision-making attributes of measurement models, such as ease-
of-use, accuracy, validation, robustness, predictiveness etc. Results align with existing literature and the 
proposed framework, demonstrating the efficiency of each technique. The paper recommends adoption 
of the incrementality randomised control trial method and provides a roadmap for further research in 
this evolving landscape.
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INTRODUCTION
Following the implementation of the 
EU General Data Protection Regulation 
(GDPR), the media measurement indus-
try has faced significant challenges due 
to heightened privacy standards and re-
strictions on data sharing.1,2 The digital 
marketing landscape has long relied on 

web beacons, pixel tracking, browser fin-
gerprinting and cookies to track user ac-
tivity and enable marketing attribution 
models. However, this paradigm is shift-
ing due to changes such as the cessation 
of support for third-party cookies by 
some browsers.3,4 With the iOS 14.5 re-
lease, apps now require user consent for 
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tracking, further diminishing the avail-
ability of user-level data and impacting 
advertisement targeting precision and 
performance tracking, known as app 
tracking transparency.5 Researchers and 
practitioners are analysing the GDPR’s 
impact on the ad tech industry6–8 and 
predicting challenges in adapting to a 
cookieless and more regulated data en-
vironment. With the decline in third-
party cookie data, access to first-party 
data, previously held by major compa-
nies, has become increasingly important, 
but there are still limitations in tracking 
the entire customer journey at a gran-
ular level, as is necessary for attribution 
models.9

First-party trackers, which represent 
direct user interactions with websites or 
applications, are gaining prominence amid 
growing concerns over customer privacy.10 
Rather than relying solely on platform 
analytics, many medium-sized brands are 
asserting control by collecting first-party 
data through in-house pixel-tracking 
on all owned media points.11 However, 
challenges persist in tracking the com-
plete customer journey, as evidenced by 
reduced data collection post GDPR, 
hindering online businesses’ ability to op-
timise marketing spending through attri-
bution models.12

This paper explores alternative appro-
aches to attribution, given the limitations of 
traditional models, to aid performance mar-
keters in optimising advertising spending 
across multiple channels. Additionally, it un-
derscores the importance of existing mod-
els in meeting decision-making criteria 
through a survey of industry practitioners.

Direct-to-consumer (D2C) companies 
are those that bypass intermediaries like 
retailers or wholesalers, opting to sell their 
products directly to consumers through 
channels such as online platforms, social 
media or company-owned stores. They rely 

on digital marketing, e-commerce plat-
forms and innovative branding to establish 
direct connections with customers. Ac-
cording to a report by eMarketer,13 D2C 
e-commerce sales in the USA are projected 
to experience double-digit growth, reach-
ing nearly US$213bn by 2024, constituting 
16.6 per cent of all e-commerce sales (see 
Figure 1).

Following iOS updates, D2C custom-
ers have increased spending on Google 
and offline channels while reducing 
spending on Facebook, significantly im-
pacting both the e-commerce and D2C 
industries. In 2021, D2C e-commerce 
sales were valued at US$129.31bn, with 
a growth rate of 15.9 per cent, and this 
trend is expected to continue as more  
e-commerce brands adopt the D2C model. 
With the evolving media landscape, per-
formance marketers who heavily relied on 
conversion attribution must now adapt 
their strategies to drive profitable and 
incremental growth. The central ques-
tion facing D2C marketers is how best to 
achieve this goal in the face of changing  
market dynamics.

This study examines three main meas-
urement models for D2C marketers in the 
post-GDPR world, namely, marketing-mix 
modelling (MMM), multi-touch attribu-
tion (MTA) and incrementality, providing 
key insights to guide the measurement of 
advertising performance. Notably, it finds 
incrementality to be the most effective 
way to analyse advertisement impact and 
optimise advertising spending.

The key contribution of the paper can 
be summarised as follows:

	● A triangulation framework is proposed 
to overcome the inherent challenges 
posed by existing methods. This tech-
nique combines a benchmark dataset 
(last-touch attribution, LTA), covers ag-
gregated data sets (MMM), and suggests 
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opportunities drawn from this analysis 
provide a roadmap for future research to 
build on this study.

The next section of this paper provides 
the background and discusses the related 
works, before moving on to a commentary 
on how media measurement has evolved 
post GDPR. The paper then describes the 
research methodology and the results.

BACKGROUND AND RELATED WORKS
Table 1 presents a summary of key studies 
in the field of online advertising. Rigorous 
causal inferences can be obtained through 
randomised experiments, which are often 

validation using incrementality ran-
domised control trials (RCTs). It aids ad 
marketers in both tactical and strategic 
decision-making.

	● To validate the argument, a mixed ap-
proach of qualitative and quantitative 
survey questionnaires is designed. Tar-
geting highly experienced advertising 
professionals, the survey evaluates ease 
of use, challenges and the advantages 
and disadvantages of different models. 
The results align with existing literature 
and the proposed framework, demon-
strating the efficiency of each technique.

	● Extensive analysis of collected data rec-
ommends the utilisation of the incre-
mentality RCT method. Challenges and 

Figure 1 D2C ad spending shifting pre and post iOS
Source: eMarketer (2020) ‘How D2C Retail Brands Are Evolving’, 7th October, available at https://www.emarketer.com/content/how-
d2c-retail-brands-evolving-5-charts (accessed 20th September, 2024)
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Geo-based linear regression models, 
as proposed by Vaver and Koehler,25 can 
calculate the incremental return on ad-
vertising spend (ROAS) by assessing the 
additional impact of advertising within 
specific geographic regions. Geo-based 

conducted through geo experiments14–16 
‘ghost ads’17 and A/B testing.18 Notably, 
various studies have contributed signif-
icantly to the field of ad measurement 
through incrementality field experiments 
utilising RCTs.19–24

Table 1: Key studies in the field of online advertising.

Experiment type Description Reference(s) Pros Cons
Randomised 
controlled trials

Utilises randomisation 
to assign participants or 
regions to experimental 
and control groups, 
enabling rigorous causal 
inferences.

Barajas et al. 
(2016), Blake 
et al. (2015), 
Johnson et al. 
(2017), Lewis and 
Reiley (2008), 
Sahni (2016)

• Establishes causal 
relationships

• Allows for precise 
control over 
variables

• Can be costly and 
time-consuming to 
conduct

• Ethical concerns 
regarding 
randomisation 
and control group 
assignment

Geo experiments Conducted using 
geographic regions to 
assess the additional 
impact of advertising; 
often involves geo-based 
linear regression models 
or Bayesian structural 
time series analysis.

Vaver and 
Koehler (2011), 
Brodersen et al. 
(2015)

• Enables localised 
impact assessment

• Utilises existing 
geographic data

• Can be applied 
across various 
media

• Requires high 
number of regions 
for statistical 
power

• May overlook 
regional 
differences not 
captured by 
geographic data

Ghost ads Involves the creation of 
‘ghost’ ads to measure 
the effectiveness of 
advertising efforts; 
commonly used in online 
display ad experiments.

Johnson et al. 
(2017)

• Provides 
insight into ad 
performance

• Allows for 
controlled 
experimentation

• Can be resource-
intensive to 
implement and 
manage

• May encounter 
ethical concerns 
regarding 
deceptive practices

A/B testing Compares two versions 
of a webpage or app 
against each other 
to determine which 
performs better; widely 
used in digital marketing 
for testing ad creatives 
and landing pages.

Barajas et al. 
(2016)

• Provides direct 
comparison 
between variations

• Easy to implement

• Results may be 
influenced by 
external factors

• Limited to 
comparison of 
only two variations

Time-based 
regression (TBR)

Employs regression 
analysis over time to 
assess the impact of 
advertising; suitable 
for experiments with 
a minimal number of 
geographic regions.

Kerman et al. 
(2017)

• Flexible and 
applicable for 
experiments with 
few regions

• Captures temporal 
trends

• May not capture 
localised effects as 
effectively as Geo 
experiments

• Relies on accurate 
time-series data

Matched-market 
tests

Involves careful selection 
and pairing of geographic 
regions instead of random 
assignment; cost-effective 
but may lack the accuracy 
of randomised trials.

Barajas et al. 
(2020), Gordon 
et al. (2019)

• Cost-effective and 
commercially viable

• Allows for 
comparisons 
between similar 
regions

• May introduce bias 
in region selection 
and pairing

• Results may not be 
as robust as those 
from randomised 
trials
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are beginning to adopt. The authors argue 
that CPIA as a pay model solves many 
incentive problems in the advertising in-
dustry, in addition to optimising for the 
advertiser’s desired metric.

Gordon et al.32 provide a guide to 
measure the effectiveness of display ad-
vertising, with a focus on challenges 
such as low statistical power, treatment 
decisions guided by algorithms and 
marketplaces, identity fragmentation 
and incrementality optimisation. To im-
prove inference from geo-based exper-
iments, two broad solutions have been 
proposed: (1) pretesting outcome data 
to identify baseline differences using 
difference-in-differences 33 or synthetic 
approaches; and (2) applying block ran-
domisation by grouping similar regions 
using past outcomes or regional char-
acteristics (eg match market tests pair 
regions together).34 Kerman et al.35 and 
Vaver and Koehler36 discuss design con-
siderations for geo-based experiments 
regarding how to narrowly define re-
gions, test and pretest period lengths and 
advertising spending differences across 
groups.

Geo experiments can be applied to 
measure a variety of user behaviour and 
can be used with any advertising me-
dium that allows for geo-targeted ad-
vertising. In the USA, many advertising 
platforms use the 210 designated market 
areas (DMAs) as geo-targeting units.37 
Researchers have used Google’s DMAs 
for various studies into the effectiveness 
of advertising; for example, Blake et al.38 
investigated paid search effectiveness. 
Gupta and Chokshi39 introduce incre-
mental lift as a metric to measure the im-
pact of a marketing strategy. They use the 
viewability lift method for digital mar-
keting strategy planning and campaign 
optimisations leading to improved cam-
paign efficiency.

linear regression models for incremen-
tal ROAS analysis enable businesses to 
assess the localised impact of advertising 
efforts, allowing for more targeted and 
efficient allocation of resources across 
different geographical areas. These exper-
iments require a high number of geos to 
gain statistical power, which is not pos-
sible in practice as the geos are matched 
and paired in current geo-based market 
tests.26 The causal Bayesian structural time 
series-based analysis methodology can be 
applied with a limited number of geos. 
The paper by Brodersen et al. proposes the 
inference of causal impact on the basis of 
a diffusion-regression state-space model 
that predicts the counterfactual market re-
sponse in a synthetic control that would 
have occurred had no intervention taken 
place.

Time-based regression (TBR), de-
veloped by Kerman et al.,27 is widely 
adopted in the industry. TBR is flexible 
as it is suitable for analysing experiments 
with a very low number of geos, such as 
those arising from experiments in smaller 
national markets and matched market 
studies.

In another popular matched-market  
test adopted in the industry,28,29 the 
geos are carefully selected and paired 
rather than matched and randomised 
to the test and control groups. These 
tests are popular as they are inexpen-
sive and commercially viable as they use 
small subsets of matched city (geos), al-
though they may not provide the same 
level of accuracy as randomised trials 
with respect to hidden biases. Johnson30  
highlights recent developments and builds 
on earlier research primarily addressing 
the challenges, best practices and new de-
velopments in the context of studies of 
online display advertising. Johnson and 
Lewis31 term this notion ‘cost per incre-
mental action’ (CPIA), which practitioners 
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	● Attribution challenges: In isolation, 
first-party data provide limited 
cross-channel visibility, increasing the 
risk of potential inaccuracies, as siloed 
information and data-quality issues hin-
der a comprehensive understanding of 
the customer journey. In a market with 
multiple content intermediaries, regu-
lations designed to protect user privacy 
impose limitations on data collection 
that further impact the granularity of 
available information. At the same time, 
third-party data are associated with 
challenges related to reliability, accuracy 
and compliance with data-privacy reg-
ulations. Inaccurate or outdated exter-
nal data can lead to flawed attribution 
models, and difficulties in cross-device 
tracking may introduce gaps in under-
standing user behaviour. Integrating 
third-party data seamlessly with first-
party data also poses challenges, affecting 
the overall accuracy and effectiveness 
of attribution models. Addressing these 
challenges requires a focus on data qual-
ity, privacy compliance, integration and 
adapting to the evolving landscape of 
user behaviour and regulations.41 More 
importantly, how can existing models 
support marketers to measure advertis-
ing effectiveness at the campaign level 
and take decisions to optimise advertis-
ing spend.

	● Impact on analytics and insights: The ability 
to derive meaningful analytics and in-
sights from fragmented and limited data 
is hampered. Marketers struggle to gain a 
holistic understanding of campaign per-
formance and audience behaviour. For 
instance, the MMM provided by plat-
forms can provide insights into overall 
channel performance, but performance 
marketers who require more granular 
data for tactical decision-making at the 
campaign level face challenges. This lack 
of detailed visibility makes it harder to 

THE EVOLUTION OF MEDIA 
MEASUREMENT POST GDPR
Since the promulgation of the GDPR and 
similar legislation pertaining to data pri-
vacy, the marketing attribution and media 
measurement sector has been significantly 
impacted in a number of ways. These in-
clude the following:

	● Fragmented data sources: The GDPR re-
stricts the sharing of data between ad-
vertising exchanges and platforms. This 
fragmentation creates siloed data, mak-
ing it difficult to obtain a comprehen-
sive view of consumer behaviour across 
different channels. There is no single 
source of truth data for identifying 
campaign effectiveness at the channel or 
tactic level.

	● Reduced granularity: Restrictions on 
tracking and collecting user-level data, 
especially without explicit consent, 
have reduced the granularity of availa-
ble data. Marketers and advertisers now 
have less access to detailed user infor-
mation, affecting their ability to track 
and target specific audiences effectively. 
Once the tracking of third-party cook-
ies is retired, for example, it will be 
much harder for advertisers to target 
repeat visitors, as the identities of these 
users will no longer be unique, hence 
the distinction between what consti-
tutes ‘unique visitor’ and what does 
not will become challenging, leading 
to a decreased understanding of user 
uniqueness. The traditional method of 
reporting impressions will continue, 
but at a more aggregated level, lacking 
the detailed insights marketers prefer. 
Moreover, advertisers will face limita-
tions in attributing user actions, such 
as clicks and purchases on other sites, 
resulting in potential challenges in 
measuring and attributing return on 
investment.40
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analytics are an alternative to web analyt-
ics explored by marketers such as Piwik 
PRO and Matomo Analytics.

	● Shift in strategies: Marketers have had 
to shift strategies toward more contex-
tual and less personalised advertising to 
comply with privacy regulations. This 
shift impacts targeting and personalised 
advertisement delivery, especially for 
e-commerce and D2C business.

Resurgence of MMM post GDPR/iOS
Marketing-mix modelling has taken sev-
eral forms since the 1960s, evolving as and 
when advances in tracking technology 
have made new types of consumer data 
available.44,45 Advertisers employ MMM to 
measure the effectiveness of their advertis-
ing spend.46 Several researchers have exam-
ined the challenges and opportunities47,48 
with marketing-mix models. The follow-
ing challenges need to be re-examined in 
light of recent regulatory developments:

	● Limited range of data available and data ag-
gregation issues: Marketing-mix models 
rely on historical data to identify pat-
terns and relationships between mar-
keting activities and business outcomes. 
With a reduced dataset, there is a risk 
of decreased model performance and 
less precise estimates of marketing ef-
fectiveness. Post GDPR, there has been 
a decline in the availability of common 
forms of data, whether response data, 
media metrics, marketing metrics or 
control factors such as seasonality, which 
calls for deeper examination of recent 
challenges and opportunities.

	● Selection bias of correlated input variable data: 
GDPR emphasises the need for user con-
sent and transparency in data processing. 
This can result in selection bias, where 
the available data may not represent the 
entire target audience due to consent 

optimise individual campaigns and make 
data-driven adjustments in real time.

	● Compliance and transparency: Advertising 
exchanges, advertising revenue models 
and measurement platforms have had 
to adapt to GDPR regulations by en-
suring compliance and transparency in 
data collection and usage. The effort of 
delivering such compliance can create 
barriers to the seamless sharing of data. 
Numerous advertising buyers are hes-
itant to take risks with data-intensive 
audience-targeting methodologies. In-
stead, the prospect of employing con-
textual targeting has recently gained 
momentum due to its perceived en-
hanced safety and attractiveness. In this 
approach, advertisements are tailored 
to individuals based on the contextual 
content of the webpage they are cur-
rently viewing.42 Advertising exchanges 
may face limitations in enriching their 
targeting capabilities, leading to a po-
tential decrease in campaign effective-
ness. Advertising revenue model has a 
significant impact on cross-site tracking 
without third-party cookie tracking, 
which is fundamental to cost-per-click 
and cost-per-action models. Advertis-
ers using these models need to adapt 
by exploring alternative attribution ap-
proaches, relying on first-party data and 
embracing contextual targeting strate-
gies, for example, retargeting revenue. 
While cost per thousand impressions 
is less directly affected, advertisers may 
still need to adjust their targeting and 
measurement approaches in a cookieless 
environment.43

	● Innovation and technology: GDPR has 
pushed the industry to innovate in  
privacy-centric measurement technol-
ogies. Companies are exploring new 
methods like federated learning or differ-
ential privacy to derive insights while ad-
hering to privacy regulations. Cookieless 
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as television, radio and print, with digital 
channels like online advertising and social 
media. This integration is crucial as brands 
seek to understand the synergies and in-
teractions between different media types 
in influencing consumer behaviour. Ad-
ditionally, the availability of extensive da-
tasets and advancements in analytics tools 
have facilitated more sophisticated MMM 
techniques, improvements in statistical 
methodologies, machine-learning tech-
niques and modelling approaches have en-
hanced the accuracy and applicability of 
MMM across various industries, making it 
a valuable tool in contemporary market-
ing strategies.

Multi-touch attribution or conversion 
attribution (bottom-up approaches)
Google’s first heuristic model for attribu-
tion — the last-touch attribution model —  
was introduced in 2005, opening up a new 
way of calculating ROAS for online mar-
keting channels. It is widely agreed, how-
ever, that the platform LTA report is at best 
flawed, either overestimating or under- 
reporting the tactics/channels directly 
responsible for sales.50,51 In a survey con-
ducted for this study (the methodology 
of which will be discussed in due course), 
69.2 per cent of the 51 respondents indi-
cated that they do not believe LTA ade-
quately captures the impact of marketing 
efforts, while 26 per cent respondents said 
they only partially agreed that LTA ade-
quately captures the impact (Figure 2). 
Only 4.6 per cent of respondents agreed 
that LTA adequately captures the impact 
of marketing efforts in practice. Neverthe-
less, and despite the increasing scarcity of 
user-level data, LTA is still extensively uti-
lised as a benchmark tool, because with-
out it there would be no platform reports 
for online advertisers to improve/optimise 
media spending.

issues or opt-outs. In a multichannel ad-
vertising environment, advertisers tend to 
allocate their spending across channels in 
a correlated way. Additionally, platform- 
built marketing-mix models do not have 
access to competitor datasets.

	● Model selection process: The model selec-
tion process has become critical post 
GDPR as advertisers need to choose 
methods that prioritise data privacy 
while still providing meaningful insights. 
The challenge lies in finding models 
that strike the right balance between ac-
curacy and privacy compliance. Choos-
ing inappropriate models may lead to 
unintended privacy breaches or inac-
curate results depending on the MMM 
results of the respective platform, such as 
Lightweight (Google) or Robyn (Meta).

In general, MMM requires 3–4 parameters 
for each channel to evaluate the dimin-
ishing returns and optimisation of media 
budget, and a minimum of 7–10 data points 
per parameter for a stable linear regression, 
which is challenging to find in the industry  
setting.49 In spite of all these challenges, 
the resurgence of MMM in the attribu-
tion industry is a response to the evolving 
marketing ecosystem, where the need for a 
comprehensive, cross-channel understand-
ing of marketing effectiveness has become 
crucial for businesses aiming to optimise 
their marketing spend and strategies. In-
creasing privacy regulations and limita-
tions in user-level data tracking have made 
it challenging for MTA and LTA models 
to function effectively. With its focus on 
aggregated data analysis, MMM is less re-
liant on user-level data, making it a viable 
option in the changing privacy landscape. 
MMM offers a holistic approach, consid-
ering both online and offline channels, to 
provide a comprehensive view of market-
ing impact. MMM allows for the integra-
tion of traditional advertising media, such 
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when different platforms claim credit for 
the same conversion, leading to challenges 
in accurately measuring the true impact of 
each marketing channel.

The most popular MTA methods can 
be summarised as follows:52

	● Last-click and first-click: The overall effect 
on the conversion is attributed to the 
last activity (source) or the first activity 
on the path.

	● Last non-direct click: The overall effect on 
the conversion is attributed to the re-
cent activity on a path that was not a 
direct access to a website.

	● Logistic regression: The effect on the con-
version is studied on the basis of logistic 
regression based, in turn, on the decom-
position of all conversion paths and the 
binary assignment of the presence or 
absence of the channel on the path.

	● Linear: The impact on the conversion is 
assigned proportionally to each activity 
on the path.

	● Position-based: The effect on the conver-
sion is assigned depending on the po-
sition of the activity on the path. For 

Self-attributed conversions refer to the 
actions or conversions that platforms at-
tribute to themselves based on their own 
tracking mechanisms. This includes mobile 
measurement partner (MMP) attribution, 
which refers to the process of attributing 
mobile app installs, user actions or conver-
sions to specific marketing efforts or cam-
paigns. MMPs are third-party platforms 
or services that help mobile app develop-
ers or advertisers track and attribute the 
source of app installs or in-app actions to 
various marketing channels or campaigns. 
For instance, if a user clicks on an adver-
tisement on Facebook, then later sees the 
same product in a Google advertisement 
and makes a purchase, both Facebook and 
Google might claim credit for the conver-
sion. Self-attributed conversions are the 
conversions that platforms claim based on 
their own tracking data, often using differ-
ent attribution models (like LTA or MTA) 
to determine which touch point gets the 
credit for the conversion. These metrics 
can be valuable for the platform to show-
case the effectiveness of its advertising 
services. However, discrepancies can arise 

Figure 2 Response to the question, ‘does last-touch attribution adequately capture the impact of your marketing efforts?’
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lifted conversions for platform attribu-
tion, MMP reports or platform reporting 
(Google Analytics).

Incrementality methods make it possi-
ble to measure the true impact of mar-
keting efforts, specifically understanding 
whether a particular marketing channel 
is genuinely responsible for driving addi-
tional sales or conversions. By isolating the 
difference in behaviour between exposed 
and unexposed groups, these methods 
avoid the attribution errors seen in tra-
ditional models, providing clear insights 
into the real incremental lift generated by 
marketing activities without the need for 
user-level data. This enables businesses to 
optimise marketing budgets more effec-
tively, allocating resources to channels that 
have causal impact than merely coinciding 
with correlation conversions.

Incrementality controlled techniques 
offer a more accurate understanding of the 
real impact of marketing activities; how-
ever, implementing them can be complex. 
Although the internet has reduced the 
cost of experimentation, contributing to 
the growth of field experiments in mar-
keting literature, it is still not feasible to 
run experiments to test every single tactic/
channel in a multi-channel environment. 
To obtain the best insight, Simester55 rec-
ommends: (a) a combination of consumer 
survey and field experiment; and (b) com-
plementing a single experiment with a 
large number of experimental treatments. 
In the next section, we propose a trian-
gulation approach, which is a more effec-
tive way to meet marketers in an industry 
setting.

The combination of marketing-mix 
modelling and incrementality controlled 
experiments with attribution tracking pro-
vides the necessary entropy to make effec-
tive advertisement investment decisions. 
Implementing controlled incrementality 
results into MMM and MTA requires a 

example, Google Analytics assigns a de-
fault of 40 per cent of the impact to the 
first and last source, and the remaining 
20 per cent is divided proportionally 
between other activities.

	● Customised weights: The effect on the 
conversion is assigned arbitrarily and 
subjectively to each source (most fre-
quently based on a previous, more ad-
vanced analysis).

	● Markov chain: The effect of sources on 
the conversion is determined on the 
basis of an analysis of the incremental 
impact of the entire source in the pop-
ulation. Based on all conversion paths, 
chains are created with the probability 
of user migration between individual 
sources assigned. During the analysis, 
individual sources are removed from the 
calculation area and probability flows 
are examined in chains without an ex-
cluded source. The resulting difference 
is an incremental impact that illustrates 
the real impact of a given source on the 
final conversion.

	● Shapley value: The game theory ap-
proach and the Shapley value method 
are a measure of a channel’s average 
marginal contribution to each channel 
set (coalition, which is a unique path 
to the purchase scheme). The marginal 
contribution of a particular channel is 
an average difference between conver-
sion results of channel sets (coalition) 
with and without a particular channel.

Incrementality experiments post GDPR
Running randomised experiments (or 
incrementality experiments) is becom-
ing the standard approach for measuring 
the marginal effectiveness of online cam-
paigns.53,54 These controlled experiments 
have gained popularity post GDPR be-
cause they work as a validation tool for 
attribution methods when examining 
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obtained through randomised experi-
ments, which are often implemented in 
the form of geo experiments.58 Before 
GDPR and iOS 14, common challenges 
associated with RCTs included oppor-
tunity costs and the high expense of 
conducting experiments across multiple 
channels. Post GDPR, however, these 
experiments have become vital due to 
the reduced availability of data and the 
inaccuracy of platform models. Adver-
tisers now rely on incrementality results 
to make tactical decisions about their 
marketing spend.

	● Validation of correlation vs causation: MMM 
relies on historical data and correlations 
between marketing activities and out-
comes. Incrementality online controlled 
experiments validate whether these ob-
served correlations are indeed due to 
causal relationships or if other factors 
might influence the outcomes.59

	● Accounting for external factors: MMM 
might not always capture the full effect 
of external factors (eg seasonality, mar-
ket trends) on outcomes. Incrementality 
tests can control these external factors 
by creating controlled environments, 
providing a clearer understanding of the 
true impact of marketing actions.

	● Platform-specific validation: Different 
marketing platforms may have unique 
attribution models and methodolo-
gies. Incrementality testing allows for 
platform-specific validation of MMM 
results, ensuring that the insights de-
rived from each platform align with the 
observed incremental effects. By run-
ning incrementality testing to validate 
MMM and LTA results from various 
platforms, businesses can ensure a more 
accurate understanding of the causal 
impact of their marketing efforts.60 
Researchers have begun using field 
experiments as a means of validating 
marketing models. Field experiments 

systematic triangulation approach, com-
bining data analysis, model adjustment, 
validation and ongoing optimisation to 
derive meaningful and actionable insights 
for improved marketing decision-making.

In the context of incrementality, tri-
angulation refers to the process of using 
multiple methods or approaches to meas-
ure the incremental impact of a marketing 
campaign accurately. When determining 
the effectiveness or incremental lift gener-
ated by a campaign, triangulation involves 
employing different measurement tech-
niques or methodologies to cross-validate 
and corroborate the findings. The results 
reported by platform LTA models are 
cross-validated with MMM and incre-
mentality testing (lift + RCT) results. 
Repetitive tests/experiments are run to 
calibrate the ‘multiplier’ (common de-
nominator) to identify true advertisement 
effectiveness, primarily for ROAS.56

Triangulation is an effective way to 
tackle the challenges relating to the di-
minishing availability of user-level disag-
gregated third-party data and attribution, 
as there are interdependencies in the main 
three models. Within the industry setting, 
other key reasons for the growing interest 
in triangulation include the following:

	● Measuring causal impact: MMM attributes 
conversions or outcomes to different 
marketing channels based on observed 
correlations. Incrementality testing, on 
the other hand, helps measure the ac-
tual causal impact of specific market-
ing activities by isolating the effects 
of those activities through controlled 
experiments. Advertising’s causal im-
pact is referred to as ‘incrementality’.57 
The actions that would not have oc-
curred if the advertisements had not 
been displayed are referred to as the 
incremental actions caused by advertis-
ing. Rigorous causal inferences can be 
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associated with individual methodologies 
post GDPR. Marketing-mix modelling, 
for instance, is adept at providing insights 
at the channel, source or tactical level, yet 
it falls short in addressing campaign-level 
nuances. For example, MMM excels 
in cross-channel performance evalua-
tion but may fall short in terms of speed 
and granularity of results.63 MMM is 
best suited for overall budget distribu-
tion rather than pinpointing the exact 
amount of incremental return driven by 
a specific channel or format of advertise-
ment, which is necessary for establishing 
its profitability in effectively optimising 
campaigns. To bridge this gap, incremen-
tality testing emerges as a valuable tool, 
offering a comprehensive understanding 
of a specific channel’s true impact. Incre-
mentality controlled tests (without relia-
ble attribution models (MTA/LTA)) serve 
as a crucial validation method for MMM 
results obtained from various platforms. 
However, due to resource constraints, it 
is feasible only to conduct intermittent 
rather than continuous measurements, 
thereby necessitating the strategic selec-
tion of channels for analysis. Additionally, 
the triangulation approach supports effec-
tive decision-making at a tactical level to 
optimise advertising spending or to scale 
testing. Incrementality testing serves as an 
indicator for analysing the various factors 
involved in calculating return on invest-
ment. For example, when evaluating dis-
play advertising, it is critical to examine 
associated metrics, such as cost per thou-
sand impressions (CPM), conversion rate, 
targeted audience conversion probability, 
etc.64 The integration of these method-
ologies is imperative to achieve a holistic 
assessment, but the standard metrics may 
not remain same post GDPR due to on-
going changes. For instance, incremental-
ity testing, despite its granular insights, is 
not always feasible for all channels due to 

provide a perfect environment for val-
idation, as various policies can be im-
plemented in the treatment and control 
settings and their results compared. This 
offers a ‘model-free’ basis for validation 
in addition to a comprehensive test of all 
the assumptions in the model. This ap-
proach enables more informed decision- 
making, leading to the more effective 
allocation of marketing resources and 
improved campaign strategies. Various 
RCT incrementality tests are now avail-
able to improve model accuracy and assist 
advertisers with their decision-making. 
Additionally, decision-making in geo 
incrementality experiments is vital for 
optimising marketing strategies, im-
proving resource allocation and ensur-
ing that businesses operate efficiently in 
diverse geographic markets. The ability 
to make informed decisions based on 
experiment results is key to achieving 
success in localised marketing efforts.61

	● Optimising future investments: Validating 
MMM results through incrementality 
testing helps in making more informed 
decisions about future marketing invest-
ments. It guides marketers in optimis-
ing budgets and strategies by relying on 
validated, causally linked insights rather 
than purely correlational data.62

	● Adapting to changes: As consumer behav-
iour, market dynamics and advertising 
platforms evolve, incrementality testing 
ensures that MMM remains relevant and 
adaptable. It helps in updating models to 
reflect changing consumer responses to 
marketing actions.

Competitive advantages  
of triangulation
The triangulation approach pursued in 
the present study aims not only to ap-
proximate the causal value of marketing 
impact but also to mitigate the weaknesses 



MEASURING DIGITAL ADVERTISING IN A POST-COOKIE ERA

© HENRY STEWART PUBLICATIONS 2050-0076 (2025) JOURNAL OF DIGITAL & SOCIAL MEDIA MARKETING  VOL. 12, NO. 4, 348–373 
JOURNAL OF DIGITAL & SOCIAL MEDIA MARKETING IS INCLUDED IN THE BUSINESS AND MANAGEMENT COLLECTION (https://hstalks.com/business/)

361

a percentage, it is divided by 2, yielding a 
multiplier of 0.5 per cent.

In simpler terms, this means that the 
advanced attribution methods suggest a 10 
per cent lower conversion rate compared 
with what the vendor initially reported. 
The multiplier of 0.5 per cent serves as 
a way to adjust or account for this differ-
ence when interpreting or using the data 
from the vendor report in a more accurate 
manner.

For a more granular understanding alig-
ned with campaign objectives, reliance on 
MTA or a combined platform attribu-
tion approach is recommended. This can 
determine how much of the advertising 
budget can be reduced/held at same ratio 
or how to scale lower-funnel campaign 
channels now that there is an idea of the 
relative ROAS in reference to MMM 
channel-level output and true ad effective-
ness from incrementality tests, as shown 
in Figure 3. As you scale spend upwards, 
however, there is likely to be diminishing 
returns/decreasing return on investment.

cost and time constraints. Consequently, 
periodic readings are undertaken, serving 
as calibration points to refine and validate 
the marketing-mix model. This synthesis 
ultimately provides a nuanced estimation 
of the value attributed to platforms such as 
Facebook, although it remains insufficient 
when it comes to delineating the exact 
campaigns that contributed to this value.

In addressing the specific challenge 
of evaluating campaign effectiveness at 
the campaign level, the utility of MTA 
or a combination of LTA with platform 
attribution is advocated. Imagine a sce-
nario where a vendor report claims a 40 
per cent conversion rate for a particular 
metric; however, when more sophisticated 
attribution methods, such as MMM or 
LIFT/geo testing, are applied, they reveal 
a 30 per cent conversion rate.

The difference between the two results 
is calculated as the vendor report’s 40 per 
cent minus the advanced attribution re-
sult’s 30 per cent, resulting in a difference 
of 10 per cent. To express this difference as 

Figure 3 The triangulation approach
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in making informed decisions, optimising 
advertising strategies and maximising the 
impact of their campaigns while remain-
ing compliant and ethical.

Media-mix modelling functions as a 
pivotal decision-making model for mar-
keters, aiding in the strategic allocation of 
advertising budgets across diverse media 
channels. By leveraging statistical analysis, 
MMM enables marketers to assess histori-
cal data, attribute the impact of each chan-
nel to business outcomes and optimise 
their advertising strategies. In essence, 
MMM serves as a data-driven tool that 
enhances the efficiency and effectiveness 
of marketers’ decision-making processes 
in the dynamic landscape of media ad-
vertising. As this paper will discuss in due 
course, the granularity of the output of 
marketing-mix models for D2C custom-
ers is not satisfactory for optimisation at 
the campaign level.

Leading platforms such as Google 
Ads and Meta do offer some capabilities 
that align with MMM principles; how-
ever, they do not provide a full-fledged 
MMM solution in the traditional sense. 
This new technology is supposed to al-
low marketing-mix models to be built in 
a point-and-click environment, with less 
specialised MMM statistical knowledge 
required. These solutions offer automated 
modelling techniques that can be run on 
an ongoing basis and typically contain op-
timisation planning and simulation mod-
ules for forward-facing scenario planning. 
However, it is unclear how easy it is to 
implement these models and make budget 
decisions, highlighting the pressing need 
for a survey.

As discussed, the advanced legacy MTA 
is a bottom-up approach that, until re-
cently, enjoyed phenomenal success in the 
industry. The reason for the widespread 
adoption of such models was because of 
their ability to attribute conversions to 

The redistributive potential of such 
methodologies, guided by relative shares 
determined through platform attribution, 
underscores the importance of a com-
prehensive assessment that incorporates 
the diverse strengths of each modelling 
technique. It is imperative to note that the 
outcomes of platform attribution should 
not be disregarded, as they contribute val-
uable insights to the overall evaluation. 
This redistributive conversion65 serves as 
the multiplier to correct any discrepancies 
reported by website analytics attribution 
or self-attributed conversions, assuming 
that periodic incrementality controlled 
tests are conducted to check the true con-
version rate for each supplier.

Challenges in implementing 
marketing decision-making models: 
Criteria and evolutionary trends
Although understanding regarding the de-
velopment of models for marketing deci-
sions has grown significantly, there remain 
concerns regarding the empirical founda-
tions on which this knowledge is based. 
Brodie and Danaher 66 call for attention be 
given to the issues associated with the vali-
dation and empirical testing model, which 
are key decision-making criteria.67 The 
proposed survey methodology represents 
an effort to obtain an unbiased analysis of 
the decision-making challenges faced by 
practitioners in implementing marketing 
models with a focus on experimentation/
testing methodology.

As the use of models grows more 
widespread in many areas of marketing 
decision-making, the model-building cri-
teria pertaining to model structure, ease of 
use and implementation strategy will be-
come more widely acknowledged. These 
criteria form the foundation for con-
structing advertisement decision-making 
models.68,69 They aim to guide marketers 
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and characteristics of that industry. That 
said, there are several common criteria 
that organisations typically consider when 
deciding to implement a model.

Per Little,75 a decision calculus is de-
fined as a model-based set of procedures 
for processing data and judgments to assist 
managers with their decision-making. The 
main criteria for a decision-making model 
are as follows:

	● Ease of use: The marketing model needs 
to be easy to use, easy to understand and 
easy to implement.

	● Easy to control: Marketers should be able 
to make the model behave the way they 
want it to. MMM should guide market-
ers on where and how to allocate re-
sources effectively.

	● Accuracy: The model must provide accu-
rate results. The model should accurately 
reflect the impact of advertising efforts 
on desired outcomes, such as sales, brand 
recognition, conversion, ROAS or cus-
tomer engagement. It needs to provide 
reliable insights into the effectiveness 
of different advertising channels and 
strategies. As stated earlier, open source 
MMM tools only partially meet the ac-
curacy criteria as they fail to provide 
insight for tactical decision-making 
as the data on which they operate are 
platform-restricted and lack granularity.

	● Relevance: It is crucial for the model to 
align with the specific goals and objec-
tives of the advertising campaign. The 
model should focus on metrics and 
measurements that relate directly to the 
intended outcomes, such as increasing 
conversions, driving traffic or boosting 
brand awareness.

	● Validation: The model must support  
the validation of results. Many platform- 
provided marketing-mix models lack 
transparency in terms of the algorithms 
used, data-processing methods and the 

specific media sources in a cross-channel 
environment, thereby helping market-
ers to make better informed decisions 
to optimise ROAS. Advanced MTA 
models that operate without incremen-
tality RCT testing fail to meet essential 
decision-making criteria for implemen-
tation, such as ease of use, model accu-
racy and interpretability, for performance 
marketers to make informed decisions re-
garding the optimisation of their advertis-
ing.70 This is one of the main reasons for 
MMM and MTA models to evolve to an 
advanced attribution 2.0 incrementality- 
based framework.71,72

Both heuristic and advanced attribu-
tion (MTA) methods have been helpful 
in day-to-day optimisation and provid-
ing key input for AI-powered advertis-
ing campaigns, but the combination of 
privacy updates and the managed decline 
of third-party cookies has made it more 
difficult to rely on them alone for deci-
sions regarding budget allocation. Addi-
tionally, marketers need a holistic view 
of all activities that may have influence in 
the attribution model and to refer to the 
framework proposed by Hosahally and 
Zaremba.73 Especially in times of eco-
nomic uncertainty, ROAS for all channels 
must be evaluated at frequent intervals, 
bearing in mind that platform-level LTA 
results have a tendency to over-estimate or 
under-report compared with incremen-
tality test results. This inconsistency is not 
limited to paid media alone; there is also 
a need to re-examine the earned media 
and competition media contribution74 as 
a changing economic climate induces sig-
nificant changes in consumer behaviour.

To ensure industry adoption, advertise-
ment decision-making models, like MMM, 
MTA, LTA and controlled incrementality, 
must meet the standard decision-making 
criteria. The benchmark for such criteria 
will vary based on the specific needs, goals 
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context. The combination of quantitative 
and qualitative data helps provide a more 
comprehensive understanding.

Quantitative surveys often use 
closed-ended questions with predefined 
response options, such as multiple-choice 
questions or Likert scales. For example:

	● Do you believe last-touch attribution 
adequately captures the impact of your 
marketing efforts?

	● (a) yes; (b) no; (c) partially.
	● What specific challenges or concerns 
do you anticipate when implementing 
RCT incrementality tests?

	● (a) lack of expertise in designing the 
experiments; (b) data privacy issues; (c) 
resource constraints; (d) budget con-
straints; (e) other (please specify).

	● Rate your satisfaction with the product 
on a scale of 1 to 5, with 5 being the 
highest.

To obtain qualitative data, questions may 
be augmented with a supplementary 
question, such as:

	● Additionally, please provide comments 
explaining your rating (qualitative).

Mixed methods (qualitative and quan-
titative) research, specifically conduct-
ing surveys with expert marketers, is 
the ideal approach for identifying chal-
lenges in the implementation of market-
ing models, particularly in the context 
of decision-making. The utilisation of a 
survey allows for a comprehensive ex-
ploration of perspectives and experiences 
from a diverse range of experts, provid-
ing valuable insights into the challenges 
faced in the field. By targeting a broad 
audience of marketing measurement ex-
perts, the research gains a holistic view, 
encompassing varied backgrounds and 
contexts within the industry. Surveys also 

underlying assumptions. Inbuilt mod-
els rely heavily on the data available 
within the platform even though such 
data can be limited in scope. Advertisers 
might not have access to comprehen-
sive cross-channel data, including offline 
or non-digital touch points, making it  
impossible to validate model data or 
model performance.

	● Robustness: the model should have great 
potential to be robust and can handle 
high volume of data and complexity.

	● Actionability: Marketers need actiona-
ble insights. The decision-making model 
should provide information that can be 
translated into practical steps and strategies.

	● Transparency: Marketers must be able 
to understand and trust the results. 
Putting one’s faith in the back-end 
data-processing of black-box models is 
a risky practice.

	● Predictiveness: The model should have 
predictive capabilities, allowing mar-
keters to anticipate the potential out-
comes of different advertising strategies 
or changes in the campaign. Predictive 
models enable better decision-making 
by forecasting how alterations may im-
pact results.

	● Ethical and legal compliance: With increas-
ing regulations around data privacy and 
advertising practices, decision-making 
models must comply with ethical stand-
ards and legal requirements regarding 
consumer privacy, data usage and adver-
tising practices.

METHODOLOGY
The survey questionnaire incorporated 
both quantitative and qualitative elements 
in what is known as mixed-methods re-
search. Such surveys collect numerical 
data to quantify trends and patterns, in ad-
dition to gathering qualitative data to ex-
plore the underlying reasons or to provide 
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Eligibility criteria were determined 
based on the respondents’ familiarity with 
attribution and incrementality methodol-
ogies and their professional engagement 
in the online advertising industry. Only 50 
respondents met the specified eligibility 
criteria and were included in the subse-
quent analysis.

Over 50 per cent of respondents had 
over ten years of work experience in the 
marketing field and were using incremen-
tality RCTs to validate results obtained 
from either LTA or MMM.

Interview questions were carefully de-
signed to identify the decision-making cri-
teria with specific marketing-mix models 
(Robyn, Lightweight, and in-house) and 
the usage of RCT incrementality models.

 The questionnaires were developed 
using a program for creating web inter-
views. This software allows the flow of the 
questionnaire to be adjusted based on the 
answers provided, as well as information 
already known about the participant.

Data analysis
Survey responses were subjected to thor-
ough analysis to extract meaningful in-
sights and trends. This analysis included 
the calculation of percentages and mean 
values, in addition to identifying the dis-
tribution of numerical ratings for each 
criterion in order to detect common 
themes and patterns. The analysis sought 
to provide a quantitative understanding of 
how respondents perceive different aspects 
of the models.

Limitations of survey methodology
While diligent efforts were undertaken to 
capture diverse perspectives in this study, 
it is crucial to acknowledge the limita-
tions associated with survey-based re-
search. First, it is possible that the initial 

facilitate the collection of nuanced and 
detailed responses, allowing participants to 
elaborate on specific challenges they have 
encountered when implementing decision- 
making models. This approach is effective 
in capturing both common and unique 
issues, enabling a thorough understanding 
of the landscape. Moreover, surveys of-
fer a structured means of data collection, 
ensuring consistency in the information 
gathered and allowing for the quantitative 
analysis of responses, thereby contributing 
to a robust and evidence-based explora-
tion of the challenges associated with the 
implementation of marketing models.

Survey design and implementation
A web-based survey was undertaken us-
ing computer-assisted web interviewing; 
an internet surveying technique in which 
the interviewee follows a script provided 
on a website.

By targeting expert marketers, the re-
search aims to capture the intricate details 
and real-world experiences related to imple-
mentation of decision-making models. The 
post-GDPR setting introduces additional 
complexities and considerations, making it 
crucial to understand how these regulations 
impact decision-making processes.

Participant selection criteria
Interviewees were recruited through the 
tailored screening of individuals with 
pertinent backgrounds in marketing 
measurement and were recruited from 
both brands and measurement agencies, 
including top incrementality measure-
ment agencies and D2C brands market-
ers such as Measured, Ruler Analytics, 
Nielsen, Search Discovery, Lifesight, Ad-
factors PR, Visual IQ Technology Ser-
vices, Canvas worldwide, Tinuiti, and 
Incrmntal.
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Ethical considerations
All participants provided informed con-
sent before participating in the survey, 
and their confidentiality and anonymity 
were strictly maintained throughout the 
research process

RESULTS AND DISCUSSION
The main marketing-mix models used by 
the marketers are Lightweight by Google, 
Robyn by Meta and in-house models. 
We designed this survey to highlight the 
decision-making challenges faced by mar-
keters when implementing these models 
given the greater reliance on MMM to 
measure the performance of online adver-
tisements post GDPR.

The survey uses a five-point scale to 
measure respondent sentiment, where 1 
is the lowest possible rating, and 5 is the 
greatest. As reported in Tables 2–4, re-
spondents rated decision-making criteria 
for three different models, namely, Light-
weight, Robyn and in-house models.

Lightweight is a Bayesian MMM library 
that allows users to train marketing-mix 
models and obtain channel attribution 
information. Lightweight is designed to 
make it easy for marketers to build Bayesian  
marketing-mix models by providing the 

recruitment process introduced a degree 
of selection bias. Given also the rela-
tively small size of the sample, it cannot 
be assumed to be representative. Specifi-
cally, if certain demographics are over or 
under-represented, this compromises the 
representativeness of the population, in-
troducing the risk of sample bias. The de-
pendence on self-reported information 
also introduces the risk of memory lapses, 
inaccuracies or intentional misrepresenta-
tion. For example, respondents may pro-
vide biased or socially desirable answers, 
thus distorting the accuracy of the data.

In addition, questionnaires, although ef-
ficient, have limitations. For example, struc-
tured response options are more likely to 
miss qualitative nuances, thus limiting the 
exploration of complex issues. Ambiguity 
and misinterpretation in question wording 
can lead to inconsistent responses. Lack 
of context, inability to probe for deeper 
insights and limited flexibility in adapting 
to emerging insights or changing circum-
stances are additional constraints. Non- 
response bias and the potential overemphasis 
on quantitative data also pose challenges  
to the study’s generalisability.

Lastly, the qualitative nature of the 
study restricts the generalisability of find-
ings beyond the sampled population.

Table 2: Decision-making criteria ratings with percentages for MMM Lightweight model  
used by marketers.

Criteria 1 2 3 4 5

Ease of use 14.29% 14.29% 0.00% 28.57% 42.86%

Easy to control 0.00% 0.00% 42.86% 28.57% 28.57%

Relevance 0.00% 0.00% 28.57% 57.14% 14.29%

Accuracy 0.00% 0.00% 28.57% 57.14% 14.29%

Validation 0.00% 14.29% 57.14% 14.29% 14.29%

Robustness 0.00% 14.29% 14.29% 28.57% 42.86%

Actionability 0.00% 14.29% 28.57% 14.29% 42.86%

Transparency 0.00% 28.57% 0.00% 42.86% 28.57%

Predictiveness 0.00% 28.57% 0.00% 28.57% 42.86%

Ethical and legal compliance 0.00% 0.00% 14.29% 14.29% 71.43%
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Table 4: Decision-making criteria ratings with percentages for MMM In-house models used by marketers.

Criteria 1 2 3 4 5

Ease of use 0.00% 26.67% 33.33% 0.00% 40.00%

Easy to control 6.67% 20.00% 26.67% 13.33% 33.33%

Relevance 0.00% 0.00% 6.67% 40.00% 53.33%

Accuracy 0.00% 0.00% 33.33% 40.00% 26.67%

Validation 0.00% 6.67% 20.00% 33.33% 40.00%

Robustness 0.00% 0.00% 0.00% 40.00% 60.00%

Actionability 0.00% 0.00% 0.00% 20.00% 80.00%

Transparency 0.00% 0.00% 13.33% 20.00% 66.67%

Predictiveness 0.00% 6.67% 26.67% 13.33% 53.33%

Ethical and legal compliance 6.67% 0.00% 0.00% 46.67% 46.67%

Table 3: Decision-making criteria ratings with percentages for MMM Robyn model used by marketers.

Criteria 1 2 3 4 5

Ease of use 0.00% 20.00% 40.00% 13.33% 26.67%

Easy to control 6.67% 6.67% 46.67% 26.67% 13.33%

Relevance 0.00% 0.00% 13.33% 40.00% 46.67%

Accuracy 0.00% 0.00% 26.67% 26.67% 46.67%

Validation 0.00% 0.00% 26.67% 33.33% 40.00%

Robustness 0.00% 0.00% 26.67% 26.67% 46.67%

Actionability 0.00% 0.00% 20.00% 20.00% 60.00%

Transparency 0.00% 6.67% 20.00% 53.33% 20.00%

Predictiveness 0.00% 0.00% 26.67% 33.33% 40.00%

Ethical and legal compliance 0.00% 0.00% 20.00% 20.00% 60.00%

functionality to appropriately scale data, 
evaluate models, optimise budget alloca-
tions and plot common graphs used in the 
field.

As shown in Table 2, for the Lightweight 
model, respondents expressed a positive 
view, with ‘ease of use’ and ‘actionability’ 
receiving the highest percentages of 42.86 
per cent and 42.86 per cent, respectively. 
‘Validation’ and ‘robustness’ also garnered 
favourable responses, while ‘relevance’ re-
ceived a relatively lower percentage of 
14.29 per cent.

Per Table 3, respondents showed posi-
tive sentiment with respect to the Robyn 
model, with ‘easy to control’, ‘robustness’ 
and ‘predictiveness’ obtaining high per-
centages of 46.67 per cent, 46.67 per cent 

and 40 per cent, respectively. However, 
‘ease of use’ and ‘relevance’ had lower 
percentages, suggesting potential areas for 
improvement.

As shown in Table 3, marketers dis-
played positive sentiments towards the 
‘actionability’, ‘transparency’ and ‘pre-
dictiveness’ of in-house models, with the 
highest percentages of 80 per cent, 66.67 
per cent and 53.33 per cent, respectively. 
However, ‘ease of use’ and ‘relevance’ had 
relatively lower percentages, indicating 
potential focus areas.

Overall, these tables provide insights into 
marketers’ perceptions of decision-making 
criteria for different marketing models, 
highlighting both strengths and potential 
areas for improvement. Post GDPR, the 
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validation (4.07), with Robyn closely 
behind (4.13). Lightweight has the low-
est average rating (3.29) in this criterion.

	● Robustness, actionability, transparency, pre-
dictiveness and ethical and legal compliance: 
In these areas, the ratings vary, but gen-
erally, the in-house and Robyn models 
tend to score higher, indicating they are 
perceived as more robust, actionable, 
transparent, predictive and compliant 
compared with Lightweight. Notably, 
the in-house model scores exceptionally 
high in actionability (4.80) and robust-
ness (4.60).

	● Overall trends: The in-house model ap-
pears to be highly regarded for its ro-
bustness, actionability and relevance, 
scoring the highest in these categories. 
Lightweight, while scoring slightly 
lower in some areas, is perceived to be 
the easiest to use and control. Robyn 
offers a good balance across all criteria, 
scoring particularly well in accuracy and 
relevance.

These insights suggest that the choice be-
tween these models may depend on the 
specific priorities of users or the context 
in which the model is to be used. For in-
stance, if ease of use and control are par-
amount, the Lightweight model might 
be preferred. However, for applications 
where accuracy, relevance and compliance 
are critical, the ‘in-house’ or Robyn mod-
els may be more suitable.

Recommendations
The predominant obstacles cited were a 
lack of expertise in experiment design 
(56 per cent), resource constraints (52.6 
per cent), budget limitations (38.6 per 
cent) and concerns related to data pri-
vacy (22 per cent), as shown in Figure 5.  
A subsequent enquiry regarding data 
availability indicated that respondents 

challenges associated with MMM include 
the fact that the data feeds of open source 
tools (such as Robyn or Lightweight) are 
limited to the respective platform’s data. 
Building a comprehensive MMM model 
requires data to be collected from other 
media channels, including offline ones. 
Additionally, when marketers need ongo-
ing analysis or insights at a tactical level, 
MMM fails to deliver. Due to a lack of 
granularity, platform-supported MMMs 
such as Meta’s Robyn and Google’s Light-
weight do not provide accurate high-level 
insights into campaign-level performance 
and decision-making.76,77

Comparative analysis
Comparative analysis of the average ratings 
for each criterion across the ‘in-house’, 
Lightweight and Robyn models yields the 
following insights:

	● Ease of use: Lightweight has the high-
est average rating (3.71), suggesting it is 
perceived as the easiest to use among the 
three. The Robyn and in-house models 
have similar ratings, with 3.47 and 3.53, 
respectively.

	● Easy to control: Here, Lightweight again 
scores slightly higher (3.86) than the 
other two models, indicating it may of-
fer better control to marketers. Robyn 
has the lowest average rating (3.33) in 
this category.

	● Relevance: The in-house model scores 
the highest (4.47), indicating it aligns 
well with specific needs. Robyn also 
scores high (4.33), while Lightweight 
has a lower average (3.86).

	● Accuracy: Robyn scores the highest in 
accuracy (4.20), closely followed by the 
in-house model (3.93). Lightweight has 
an average rating of 3.86.

	● Validation: The in-house model is per-
ceived to be the best for supporting 
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When assessing the effectiveness of 
marketing models, respondents high-
lighted key decision-making criteria. No-
tably, accuracy emerged as crucial, with 
46.2 per cent assigning it the highest rat-
ing of 5. Robustness, the model’s ability to 
navigate market fluctuations, was also em-
phasised, garnering ratings of 4 or 5 from 
71.1 per cent of respondents. The ease of 

were notably concerned about GDPR- 
related issues (47.7 per cent). Additional 
challenges included statistical complex-
ity (33.8 per cent), as shown in Figure 4,  
time constraints (38.5 per cent) and 
budget limitations (44.6 per cent). Future 
research could focus on these areas with 
a view to building commercially viable 
and effective decision-making models.

Figure 5 What specific challenges or concerns do you anticipate when implementing randomised controlled trials?

Figure 4 Key challenges faced by marketers when implementing incrementality randomised controlled trials



HOSAHALLY ET AL.

© HENRY STEWART PUBLICATIONS 2050-0076 (2025) JOURNAL OF DIGITAL & SOCIAL MEDIA MARKETING  VOL. 12, NO. 4, 348–373
JOURNAL OF DIGITAL & SOCIAL MEDIA MARKETING IS INCLUDED IN THE BUSINESS AND MANAGEMENT COLLECTION (https://hstalks.com/business/)

370

incrementality testing, customer feedback 
surveys, advertising testing and data en-
richment, a comprehensive, data-driven 
measurement approach emerges. Addi-
tionally, in the absence of user-level data, 
advertisers may explore alternative attri-
bution methods, such as relying on first-
party data and contextual targeting. The 
evolving landscape, marked by the dimin-
ishing significance of cookies and iOS 
changes, positions the combined MMM 
and incrementality approach as a potential 
gold standard for marketers, warranting 
ongoing research and exploration in the 
field.

It can also be argued that RCT and 
MMM collectively can meet the other 
decision-making criteria. RCT incre-
mentality contributes to the validity, us-
ability and applicability of the insights 
derived from the testing. Advertisers rely 
on incrementality results to make effec-
tive decisions regarding the optimisation 
of their advertising spend, and adherence 
to these criteria enhances the trustworthi-
ness and practicality of the findings.78

Practitioners and researchers have ac-
cepted incrementality as the gold stand-
ard for the measurement of advertisement 
performance as, unlike attribution meth-
ods, they depend heavily on disaggre-
gated user-level data.79,80 However, 
controlled experiments require robust 
experimentation methodologies, control 
groups and a deep understanding of data 

interpretation and implementation fol-
lowed suit, with 60.6 per cent recognising 
its significance by rating it 4 or 5. Cost- 
effectiveness, while relevant, did not stand 
out prominently, with responses distrib-
uted across various ratings, showing a slight 
preference towards 3 and 4. Predictiveness, 
indicating the model’s ability to foresee 
outcomes, was considered important by 
69.2 per cent of respondents, who assigned 
ratings of 4 or 5. Relevance, aligning the 
model with specific goals and objectives, 
received the highest emphasis, with 78.8 
per cent rating it as 4 or 5. The analysis 
underscores a strong emphasis on accuracy, 
robustness, predictiveness and relevance. 
Ethical and legal compliance, though im-
portant, was slightly less highlighted, and 
cost-effectiveness, while acknowledged, 
did not emerge as a top priority.

The insights from the survey suggest 
that marketers prioritise incrementality 
models due to their prowess in accuracy, 
robustness, predictiveness and relevance 
as shown in Table 5. Over 80 per cent 
of respondents rated the model’s accu-
racy as 3 or 4, while only 40 per cent 
consider it cost-effective. The incorpo-
ration of RCTs in incrementality testing 
contributes to the validity, usability and 
applicability of insights, bolstering trust-
worthiness and practicality. Future re-
search is deemed necessary for refining 
incrementality-based approaches. When 
considering MMM in conjunction with 

Table 5: Decision-making criteria ratings with percentages for RCT incrementality model used by 
marketers.

Criteria 1 2 3 4 5

Accuracy of the model 2 (3.8%) 1 (1.9%) 6 (11.5%) 19 (36.5%) 24 (46.2%)

Robustness 0 (0.0%) 2 (3.8%) 13 (25.0%) 27 (51.9%) 10 (19.2%)

Ease of use, interpretation and implement 1 (1.9%) 2 (3.8%) 18 (34.6%) 20 (38.5%) 11 (21.2%)

Cost-effectiveness 1 (1.9%) 8 (15.4%) 20 (38.5%) 12 (23.1%) 11 (21.2%)

Predictiveness 1 (1.9%) 5 (9.6%) 10 (19.2%) 23 (44.2%) 13 (25.0%)

Relevance 0 (0.0%) 4 (7.7%) 7 (13.5%) 18 (34.6%) 23 (44.2%)

Ethical and legal compliance 4 (7.7%) 6 (11.5%) 15 (28.8%) 13 (25.0%) 14 (26.9%)
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 (4) Goel, V. (2021) ‘An Updated Timeline for 
Privacy Sandbox Milestones’, June, available at 
https://blog.google/products/chrome/updated-
timeline-privacy-sandbox-milestones (accessed 
20th September, 2024).

 (5) O’Flaherty, K. (June 2021) ‘IOS 14.5: How 
This Outstanding New Feature Will Change 
Your iPhone Forever’,  available at https://www 
.forbes.com/sites/kateoflahertyuk/2021/04/24/
ios-145-how-this-outstanding-new-feature-will-
change-your-iphone-forever/?sh=775d710911bf 
(accessed 20th September, 2024).

 (6) Cinar and Ateş, ref. 3 above.
 (7) Goldberg et al., ref. 2 above.
 (8) Rammos and Harttrumpf, ref. 1 above.
 (9) O’Brien, C., Thiagarajan, A., Das, S., Barreto, 

R., Verma, C., Hsu, T., Neufield, J. and Hunt, J.J. 
(2022) ‘Challenges and Approaches to Privacy 
Preserving Post-click Conversion Prediction’, 
arXiv preprint, available at https://arxiv.org/
pdf/2201.12666 (accessed 25th September, 
2024).

 (10) Jerath, K. (2022) ‘Mobile Advertising and the 
Impact of Apple’s App Tracking Transparency’, 
available at https://www.apple.com/privacy/
docs/Mobile_Advertising_and_the_Impact_of_
Apples_App_Tracking_Transparency_Policy_
April_2022.pdf (accessed 20th September, 2024).

 (11) Cinar and Ateş, ref. 3 above.
 (12) Goldberg et al., ref. 2 above.
 (13) Feger, A. (2022) ‘How D2C Retail Brands Are 

Evolving in 5 Charts’, available at https://www 
.insiderintelligence.com/content/how-d2c-
retail-brands-evolving-5-charts (accessed 20th 
September, 2024).

 (14) Kohavi, R., Tang, D. and Xu, Y. (2020) 
‘Trustworthy Online Controlled Experiments: 
A Practical Guide to A/B Testing’, Cambridge 
University Press, Cambridge.

 (15) Lewis, R.A, Rao, J.M. and Reiley, D.H. (2011) 
‘Here, There, and Everywhere: Correlated 
Online Behaviors Can Lead to Overestimates  
of the Effects of Advertising’, in: Proceedings 
of the 20th International Conference on World 
Wide Web, Hyderabad, 28th March–1st April, 
pp. 157–166.

 (16) Vaver, J. and Koehler, J. (2011) ‘Measuring Ad 
Effectiveness Using Geo Experiments’, Google 
Research, available at https://research.google/
pubs/measuring-ad-effectiveness-using-geo-
experiments/ (accessed 25th September, 2024).

 (17) Johnson, G.A., Lewis, R.A. and Nubbemeyer, 
E.I. (2017) ‘Ghost Ads: Improving the 
Economics of Measuring Online Ad 
Effectiveness’, Journal of Marketing Research, Vol. 
54, No. 6, pp. 867–884.

 (18) Barajas, J., Zidar, T. and Bay, M. (2020) 
‘Advertising Incrementality Measurement Using 
Controlled Geo-Experiments: The Universal App 
Campaign Case Study’, ACM, Washington, DC.

analysis. Moreover, the platform runs the 
tests in the background without sharing 
the design or methodology details with 
marketers in the case of ghost ads, for 
example. Therefore, further investigation 
into the incrementality-based approach 
is required from practitioners and aca-
demics alike. For a more data-driven ap-
proach to measurement, MMM may be 
coupled with other techniques, such as 
incrementality testing, customer feedback 
surveys, advertising testing, data partner-
ships and the enrichment of first-party 
data. Kohavi et al.81 recommend that 
online controlled experiments be con-
ducted to inform organisational decisions 
at all levels from strategy to tactics. Incre-
mentality experiments provide a suitable 
tool for both tactical and strategic decision- 
making.82 Incrementality experimental 
results help avoid correlation/causality 
issues by using incrementality outputs 
to train MMM models. Incrementality 
provides fresh data on which to make 
rapid tactical decisions, complementing 
the long-term strategic and planning 
strengths of MMMs. Moving forward, the 
combination of MMM and incremental-
ity will likely be the gold standard in a 
post-iOS, post-cookie world.
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