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Abstract

Inconsistent user-identifiers and the walled garden policies of 
dominant social media players, together with the (imminent) 

abolition of third-party cookies has led to renewed interest in 

the marketing mix model as an attribution tool. However, to 

be useful in a post-MTA world any ‘next generation’ MMM 

framework needs to deliver on three fundamental business 

issues. Firstly, to serve as a true attribution solution, MMM 
needs to focus on causal estimation methods. Too often we 

see reliance on consumer journey solutions to address the 

problems of last-touch-attribution. However, these ignore 

the critical issues of selection bias endemic in much online 

media – leading to endogeneity bias and misallocation of 

the marketing mix. The growing popularity of automated 

machine learning approaches to the mix model only serve 

to exacerbate this problem, where the focus is on prediction 

not causation.

Secondly, MMM needs to quantify the long-term (base-

building) effects of marketing and so inform brand-building 
strategy. Standard approaches are simply not set up to 

measure these effects, with fixed baselines and a focus on 
short to medium-term lag structures or Adstocks. Alternative 

time series structures are required that can quantify both 

short and long-term (base) variation – coupled with dynamic 

network models that can explain the causes of base variation 

and the economics of brand-building.

Finally, next-generation MMM needs to fill the gap left in 
a cookie-less world to deliver granular and swift insights 

on marketing ROI and optimal budget allocation. Suitably 

identified high-dimension mix models – across consumer 
cohorts by day or hour – can fit the bill. This can provide many 
of the claimed benefits of MTA such as granular online media 
effectiveness ranking by publisher and placement, together 
with the ability to quantify the impact of pricing, offline media, 
economic factors and longer-term brand-building.

1. Introduction

Classifications, 
Key Words: 

• Endogeneity

• MMM

• MTA

• Consumer Journey
• Unobserved Component 

Models

• VAR
• VECM
• Cointegration

Marketing attribution attempts to quantify the incremental impact 

of each element of the marketing mix on consumer demand, 

typically in the form of a purchase conversion. With the advent 

of multi-channel marketing and the growing proliferation of off 
and online channels, accurate attribution represents a significant 
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challenge. In response, modern analytical 

approaches have evolved into three broad 

strands. 

Firstly, we have Multi-touch attribution (MTA). This 
focuses on the contribution of online touchpoints 

to a binary online conversion outcome such as 

‘buy or not buy’, across a network of observed 

consumer journeys. Measurement is carried 

out at individual (cookie) level using parametric 

discrete choice modelling approaches such as 

Logit regression, or non-parametric machine 

learning algorithms such as random forests or 

neural networks. Outputs allow the marketer 

to assign credit to each element of the digital 

mix, addressing tactical questions such as how, 

where and when to spend the allocated budget 

and which publishers.

Secondly, we have nested (system) approaches 

to the marketing mix model (MMM). Here, 

consumer journey theories attempt to 

provide a complete explanation of the final 
purchase decision with pricing, paid, owned 

and earned media working together to drive 

demand. Measurement is typically carried out 

at an aggregated level, using least squares 

econometric methods applied to groups of 

consumers at store, chain, regional or market 

level for example. Outputs are used to quantify 

ROI, advise on optimal budget allocation across 

off and online channels and produce sales 
forecasts.

Finally, there are solutions that attempt to unify 
MTA and MMM into one framework. Treated 

separately, each approach is often seen as a 

competing attribution solution with conflicting 
outputs and recommendations: MTA is too 

narrow a representation of consumer demand, 

with no control for pricing, offline media and 
economic factors, whereas MMM is too broad to 

address the granular aspects of online marketing 

with little capacity for ‘in-flight’ measurement 
and ‘real-time’ optimisation. This dichotomy has 

led to attempts to unify the two approaches (Nail, 

2015, MMA, 2021), where MMM deals with the 

wider macro view of consumer demand across 

off and online touchpoints, leaving MTA to focus 
on the narrower micro online view.

Notwithstanding the often-contentious issue of 

how best to combine the two, the very nature 

of customer-level MTA analysis is increasingly 

problematic. Firstly, the impact of traditional 
market-level media is notoriously difficult 
to measure at an individual consumer level. 

Secondly, the growing use of multiple online 

platforms has led to an increasing inability to 

obtain consistent user-identifiers. Thirdly, the 
walled-garden policies of dominant social media 

players,  such as Facebook, have now made 
such identifiers unavailable altogether.  Finally, 
and perhaps most crucially, GDPR and the 
ending of support for identifiers stored in third-
party cookies will further impede the ability to 

connect on-site transactions with third-party ad 

placements.  

In light of these issues, the focus is shifting 

in favour of the marketing mix model, where 

the aggregated nature of the data inputs can 

facilitate the estimation of market-level factors 

and capture the (de-identified) sum of individual 
actions across platforms. However, to constitute 

a valid attribution framework, any next-

generation MMM solution needs to address 

three fundamental criteria: causal inference, 

short and long-term measurement, and granular 

‘real-time’ insights. In this article, we explore 

these topics in detail, paving the way for more 

credible and actionable MMM approaches.

2. MMM and causal attribution

Marketing attribution and budget allocation rely 

on accurate causal attribution to each element 

of the marketing mix. Modern MMM attempts 

to inform this process via path-to-purchase 

theories of demand, where paid, owned, and 

earned media work together to drive sales. For 
example, a common hypothesis contends that 

marketing investments stimulate a journey that 

starts with natural online search, continues 

1 It is sometimes argued that experimental designs can handle walled garden data gaps. Even if this were possible, the problems 

of multiple cross-platform usage still remain.

2 Although, note the potential for Clean Rooms (Forbes, 2021), Self-Attributing Networks (Apple) and Attribution API (Google), 
where some (narrowly-focused) attribution data would be available.
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through to website research, and finally onto online and offline product purchase. This can be 
depicted as a Directed Acyclic Graph (DAG), illustrated in  Figure 1 and set out in equations (1)-(3).

𝑆𝑖𝑡 = Off and online product sales by cross-
section i (e.g., household, store, region) 𝑊

𝒔𝑡 = Unique web traffic visits by source 𝒔 (e.g., 

paid search, SEO, direct to site, display, social)𝑁𝑆𝑡 = Natural keyword search (branded and 

generic)𝛼𝑡 = Model intercepts𝑇𝑡 = Linear trends or drift𝜎𝑡 = Seasonal terms𝑋𝑗𝑘𝑡 = 𝑘 market level/cross-sectional own and 
competitor marketing variables (𝑗=1-𝑛) covering 

pricing and off and online media𝐷𝑘𝑡 = 𝑘 interventions and external controls𝜀𝑡 = Equation error terms𝛽, 𝛿, 𝛾 and 𝜃 denote estimated parameters 

Figure 1. Network model of short-term sales

(1)

(2)

(3)

Equation (1) analyses the sales behaviour 

of groups of consumers over  time and  

cross-section 𝑖, in terms of a range of marketing 

and economic covariates.  Equations (2) and 

(3) describe the relationships between, and the 

drivers of, web traffic sources and natural search.3 

This type of ‘nested’ structure is designed 

predominantly to address the problems of  

last-touch attribution, helping to reattribute a part 

of media, such as paid search, back to sources 

earlier in the chain, such as TV advertising. In 
this way, it can be seen as an aggregate form 

of MTA, where appropriate credit is allocated 

to each touchpoint leading to improved budget 

allocation. However, much like MTA, this 

approach ignores the fundamental problem of 

selection bias leading to serious consequences 

for the estimated relationship between sales and 

web traffic sources in Equation (1).4

3 All equations as expressed in natural logarithms, capturing non-linear response and synergies between the driver variables. Other 

types of transforms such as Generalised Additive Models are also used.
4 Some practitioners bypass Equation (2) and use online impressions directly in Equation (1). This is based on the notion 

that consumers do not have to click through to the site for impressions to impact demand. While this is certainly possible, the 

selection bias problem remains.
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2.1. The endogeneity problem

Selection bias arises when (part of) the difference 
in the ‘treatment’ outcome (sales) is caused by 

a factor that predicts the likelihood of selection 

into treatment (paid search) rather than due to 

the treatment itself. That is, consumers with a 

greater propensity to buy predict the level of 

search traffic, which in turn predicts the sales 
outcome. In this way, a large proportion of site 

visits are simply an artefact of the sales process. 

This creates an  endogeneity or identification 

problem, leading to biased estimates of the  

traffic-sales impact of Equation (1) and 

all marketing effects that work through it. 
Consequently, even if offline TV advertising 
does lead to more paid search activity, it does 

not necessarily mean it drives incremental sales 

in this way.

The textbook solution is Instrumental Variable 
(IV) estimation, where the causal effect of 
an independent variable (paid search) on an 

outcome variable (sales) is estimated using 

an instrumental variable 𝘻 which affects 
sales only through its impact on search (the 

exclusion principle). If successful, 𝘻 provides 

the necessary exogenous variation in search, 

such that the outputs are more akin to those of 

experimental trials.5 However, valid instruments 

are notoriously difficult to find. Consequently, 
many alternative solutions have been proposed 

ranging from the difference in differences, 
regression discontinuity designs, and Heckman 

correction, through to Latent IV (Ebbes et al., 

2009), Gaussian Copulas (Park & Gupta, 2012), 
DAG analysis (Chen et al., 2018, Pearl, 2000) and 
incorporating experimental results as Bayesian 

priors (Ugena et al., 2021).6 Whichever route 

is taken, the message is clear: for meaningful 

attribution, the chosen identification scheme 
needs to be clearly specified as part of any 
MMM engagement.7 

3. Short and long-term 

marketing effectiveness
For a complete view of marketing ROI and 
optimal allocation, marketing mix models need 

to reflect both short and long-term marketing 
effects. Short-term effects explain mean-
reverting or transitory sales variation. Long-term 

effects explain persistent changes in underlying 
base sales, reflecting permanent additions to the 
loyal customer base. Measuring the true long-

run impact of marketing investments, therefore, 

requires a focus on the base sales component 

of the mix model. 

3.1. The standard approach

Standard mix models use ordinary or generalised 

least squares regression techniques, with fixed 
or deterministic baselines, and focus solely 

on short to medium-term sales effects with 
stationary Adstock transforms. Consequently, all 
such models fail to reflect any persistent changes 
in core brand preferences by construction. A 

popular remedy simply adds attitudinal brand 

metrics to the short-term model together with 

sub-models in terms of advertising variables. 

The indirect effects of advertising on sales are 
then interpreted as long-term effects.8  However, 

this approach is flawed in several respects.

5 On face value, the nested mix model structure of Equations (1)-(3) appears to fit the bill. Provided (at least one of) the variables 
driving web traffic satisfies the exclusion principle, the web traffic fitted values could be substituted into the sales equation to 
give a two-stage least squares estimate. However, 𝑋

𝑡
 and 𝐷

𝑡
 generally affect both web traffic and sales and cannot serve as valid 

instruments. 

6 Experimental priors in MMM rely on valid A/B testing or ‘lift’ studies for all endogenous variables. However, these are rarely 
available as part of the routine data collection process.

7 Note that ‘causal AI’ methods seek to automatically identify DAGs such as Figure 1. However, since human context is always 

required, such techniques ‘do not yet work as stand-alone methods for causal learning’ (Peters et al., 2017). Furthermore, there is 
no one unique chain. Endogeneity bias stems from ignoring the simultaneous likelihood of all other plausible DAGs, leading to the 
correlation between search and the error term in Equation (1). We need to control for all paths to help identify causal effects.
8 Alternative ‘long-term’ approaches simply extend the short-term structure, either by adding Adstocks with very high retention rates 

or multiplying the short-term effects by an ad hoc scaling factor. 
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1. Ignores the fundamentals of time series 

econometrics

If (observable) brand-building effects exist, sales 
should exhibit evolutionary behaviour.9 If not, 

then the impact of brand metrics on sales can 

only be a short-term relationship by definition. If, 
on the other hand, sales are evolving, we cannot 

just run simple regressions of sales on marketing 

and brand metrics. Firstly, if marketing and brand 
metrics are stationary, then the mix equation is 

unbalanced, and we must first-difference sales. 
Alternatively, if brand metrics are also evolving, 

then there is potential for spurious regression 

problems. Consequently, brand equity metrics 
must also be first-differenced, and valid 
cointegrating relationships between sales and 

brand metrics need to be incorporated.

2. Mindset metrics are regressed directly on 

short-term sales

A plausible theory of brand-building needs to 

link the long-term brand preferences embodied 

in mindset metrics directly to the long-term 

purchase demand revealed through base sales. 

This follows naturally from the fact that base sales 

and attitudinal data both represent brand health 

(inter alia, Kamakura & Russell, 1993, Hanssens 
et al., 2014). As such, they are essentially two 
sides of the same coin. Therefore, the use 

of actual sales is inconsistent and obscures  

long-term movements risking contamination 

with short-term transactional effects.
3. Does not reflect the brand-building process
Simply adding brand metrics as additional 

regressor(s) precludes feedback between (base) 

sales, earned media, and other long-term 

drivers. Feedback effects mimic word-of-mouth 
as consumers talk about brand experiences 

leading to new trialists and growth of the loyal 

customer base, which wears in over time. Only 

by identifying these endogenous relationships in 

a suitable network structure can we estimate the 

true incremental long-term impact of marketing 

on base sales via brand perceptions.

3.2. An alternative approach

To resolve these issues, brand metrics need to 

be linked directly to variation in base sales in a 

long-term network model of brand-building. To 

achieve this, the marketing mix model needs to 

be re-cast in a form that allows measurement 

of both short-term sales and long-term base 

variation. One candidate is the Unobserved 
Component Model (Harvey, 1989), illustrated 
in Cain (2005, 2008), where sales behaviour is 
decomposed into a trend, seasonal, regression 

effects and measurement error. This re-writes 
the marketing mix model Equations (1)-(3) as:

The intercepts α in each equation are replaced 

with a time-varying (stochastic) trend 𝜇𝑡 
comprising two components. Equation 4(a) 

allows the underlying level of each time series 

9 The absence of evolution does not imply the absence of brand-building per se: merely that it is unobservable. Evolution could be 

offset by customer churn rendering observed sales stationary.

1(a)

2(a)

3(a)

4(a)

4(b)

4(c)

to follow a random walk with a growth factor  𝜆𝑡 analogous to the conventional trend term 𝑇. 

Equation 4(b) allows 𝜆𝑡 to also follow a random 

walk. Depending on the estimated values of the 

Attribution and the  

Marketing Mix Model
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covariance parameters 𝜂𝑡 and 𝜉𝑡, the system 

can accommodate both stationary and non-

stationary product demand allowing the data to 

decide between them. Equation 4(c) specifies 
seasonal effects, which are constrained to sum 
to zero over any one year. If 𝜅𝑡 is zero, then 
seasonality is deterministic.

Equations 1(a)-4(c) provide a direct separation 

of sales behaviour into short and long-term 

components. The estimated regression 

parameters capture short-term (transitory) 

marketing effects, informing short-term ROI and 
budget allocation decisions. Long-term effects 
can then be analysed through a network model 

of the permanent sales component 𝜇
𝒕̇
 in terms 

of consumer brand perceptions and external 

long-term controls (Cain, 2010, 2022). A 
representative example is illustrated in Figure 2, 

where marketing investments stimulate brand 

awareness, drive brand consideration, and 

increase social media interest leading to 

underlying base sales growth. If we can show that 

marketing significantly impacts the permanent 
(baseline) component, then we can state that 

marketing campaigns have persistent long-

term effects, as existing purchase incidence 
increases and/or new buyers are converted 
into permanent loyal consumers. These effects 
are then combined with short-term effects 
to provide total ROI and budget allocation 

recommendations. 

Figure 2. Network model of long-term sales

Estimation of the long-term 

network model requires a 

suitable systems approach 

to capture the long-term 

relationships between the 

nodes of Figure 2 and the 
persistent brand-building role 

of media. Popular systems 
approaches are Path Models 
or Structural Equation Models. 

However, these frameworks are 

typically static and ignore the 

dynamic relationships between 

the network variables. As such, 

they are unsuitable for long-

term trend and cointegration 

analysis and cannot measure 

feedback between the nodes 

and the dynamics of how 

where 𝑦𝑡 denotes a vector of 𝑛 endogenous 

variables capturing base sales and  

path-to-purchase or brand-building ‘steps’, 𝑥𝑡 
denotes a set of 𝑘 marketing variables with lags 𝐿 

and 𝐷𝑘 denotes a set of dummy variable events. 

The 𝛼𝛽′𝑙𝑛𝑦𝑡−1 term represents the error correction 

component, comprising 𝑟 cointegrating 

(equilibrium) relationships 𝛽 between the nodes 

and associated error-correction parameters α. With 𝑛 endogenous variables, there may be 

up to 𝑛-1 such relationships with a minimum of 

one common trend driving the non-stationary 

(brand-building) properties of the system.

Equation (5) is then estimated using the 

Johansen technique (1988) and identified using 
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brand-effects wear in over time. To overcome these issues, a dynamic systems approach such as 

a Vector Autoregression (VAR) is required (inter alia, Hendry, 1995), written as a cointegrated Vector 
Error Correction Model (VECM):

′ (5)
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either a Cholesky decomposition, restrictions 
based on economic theory or instrumental 

variable techniques (Juselius, 2006). Once 
identified, impulse response analysis traces 
out the dynamic long-term base sales impact 

of changes in brand metrics and earned media. 

The long-term impact of marketing activity 𝑥𝑡 
then cumulates indirectly and permanently into 

the level of base sales.

3.3. Worked example

The complete short and long-term modelling 

approach is formally demonstrated in Cain 
(2022). Here we present a simple example to 
illustrate the principles involved. We first take 
daily data for sales, web traffic, and natural 
branded search for a seasonal brand, together 

with a range of off and online marketing factors, 
pricing, monthly unaided awareness data, and 

10 An AR(1) error structure improves autocorrelation with a DW stat of 2.01. However, the awareness coefficient is -0.03 and 
insignificant. Weekly frequency models made little difference to the results.

Figure 3. Extracted base sales, brand awareness and controls

an index of monthly business economic activity. 

Monthly business activity and awareness data 

were then disaggregated to daily level and 

introduced directly into the sales equation (1). 
Standard OLS (fixed base) estimation gives an 
awareness coefficient of 0.045 but is insignificant 
with a t-ratio of 1.1. Furthermore, the base price 
coefficient is positive and a Durbin Watson (DW) 
statistic of 1.08 indicates significant model 
error autocorrelation. The implication is that 

neither awareness, price, nor economic growth 

manages to adequately capture long-term sales 

movements.10  

We then applied the UCM framework of 1(a)-
4(c) and aggregated the extracted baseline to 

the weekly frequency - illustrated in Figure 3 
alongside unaided awareness, base price, and 

business economic activity (BEA). Standard 
ADF tests indicate that all are non-stationary 

Attribution and the  

Marketing Mix Model
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I(1) series. Equation (5) was then estimated with 
two lags of the endogenous variables to ensure 

well-behaved residuals. Marketing regressors 

𝒙
𝒌𝒕

 comprise paid TV GRPs and social media 
commentary (earned media). 

The cointegrating relationship between the 

variables is illustrated in the left-hand panel 

of Table 1. This captures the underlying 

equilibrium (attractor) relationship between base 

sales, price, unaided awareness, and business 

activity, with feedback reflected in the alpha 
(error correction) parameters. The full long-term 

(impulse response) coefficients are illustrated in 
the right-hand panel, where the first row shows 
the final (permanent) elasticity of a 1% impulse 
in unaided awareness on base sales of 0.13 with 
a significant t-ratio of 2.7. Note too, that the final 
long-term effects of base price and economic 
activity are also correctly signed and significant. 

Figure 4 then illustrates the corresponding 

pattern of dynamic adjustment of base sales to 

unaided awareness, where the full impact wears 

in over approximately 16 weeks.11  

The corresponding VECM is given in Table 2, 

which shows how marketing investments 

impact the dynamic adjustment of each of the 

network variables. Here TV and earned media 
impact unaided awareness with elasticities 

of 0.002 and 0.022, respectively. Weighted by 
the long-term impact of unaided awareness on 

base sales gives final base elasticities of 0.0003 
and 0.003. These are used to quantify long-
term base contributions over the sample and 

extrapolated over a 3-5 year forecast horizon. 
Combined with the short-term effects from 
the UCM, this provides total ROI and budget 
allocation recommendations. 

11 Note that these results imply that long-term effects are under-estimated using the traditional approach. However, the relationship(s) 
between brand metrics and sales can often be over-estimated if the long-term network dynamics are not accounted for. It depends 

on the data and model structures, requiring careful modelling on a case-by-case basis.

Table 1. Cointegrating economic structure and impulse response matrix

Figure 4. long-term base sales adjustment

Regressor CV Alpha

Base sales 1 -0,151 

(-3.8)

Base Price
-0,588  
(5.1) 0

Awareness
0.280 

(2.1)

0.082 

(2.10)

BEA
1.81 

(4.9)

0.060  
(3.70)

Equation

Base sales
0.455
(6.40)

-0.688 

(-3.6)
0.130

(2.7)

0.960 

(4.0)

Base Price
-0,005 

(-0.1)
1.37 

(10.0)
0.006 

(0.20)
-0.020 

(-0.10)

Awareness
0.196 

(1.80)
0.080 

(0.30)
0.889 

(12.5)
-0.721 

(-1.21)

BEA
0.221 

(5.70)
0.054 

(0.50)
-0.063 

(-1.1)
0.639 

(4.9)
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Equation 𝜟𝑩𝒂𝒔𝒆
𝒕

𝜟𝑷𝒓𝒊𝒄𝒆
𝒕

Aware 𝜟𝑩𝑬𝜜
𝒕

Intercept
-3.14 

(-3.76) 0.002 (1.31) 1.69 

(2.09)
1.25 

(3.68)

𝜟𝑩𝒂𝒔𝒆
𝒕-1

-0.188  
(2.63) -

-0.130  
(-1.86)

0.019
(0.94)

𝜟𝑷𝒓𝒊𝒄𝒆
𝒕-1

-0.334 

(-1.82)
0.28 

(3.96)
-0.15 

(-1.01)
-0.054
(0.98)

𝜟𝑨𝒘𝒂𝒓𝒆
𝒕-1

- -
-0.014 

(1.01) -

𝜟𝑩𝑬𝜜
𝒕-1

-0.365 

(-2.06) -
0.221 

(1.26)
0.273  
(3.78)

𝑬𝑪𝑴
𝒕-1

--0.151 

(-3.76) -
0.082 

(2.10)
0.060 

(3.68)

𝑻 𝑽 - -
0.002 

(2.10) -

𝜟𝑬𝑴
𝒕

- -
0.022 

(2.80) -

Table 2. dynamic network adjustment

4. MMM and tactical planning

at an hourly level. We then model the remaining 

portion of hourly sales in terms of the detailed 

‘sub-tactic’ elements of all off and online media 
variables  – subject to the estimated ‘upper-

level’ contributions. In tandem with offline media 
effectiveness, media synergies, and long-term 
brand-building of the main daily MMM model, 

this type of approach can then provide granular 

online media effectiveness by day-part, ranking 
by publisher, placement, and web page.12

4.2. Real-time attribution

Daily network UCM marketing mix models, as 
set out in Sections 2 and 3 and summarised in 
the left-hand panel of Figure 5, typically take 

approximately eight weeks to build – depending 

on the number of models and cross-sections. 

Updates in response to business needs, or 
potential structural/parameter changes typically 
take place every three to six months. Hourly 

level models – summarised in the right-hand-

12 Since consumer cohorts are time-based rather than geography-based, this approach is not subject to the matching problems 

typically faced with cookie or household-level models, where a mapping between individual data and more aggregated (mass-

market) offline data is required. 

It is often argued that MMM is too slow and 

lacks the necessary granularity to handle the 

tactical and ‘real-time’ attribution problems that 

solutions such as MTA purport to solve. Given 
the detailed and rapid solutions marketers have 

now come to expect, any viable MMM framework 

needs to be able to rise to the challenge.

4.1. Tactical decision making

Whereas MTA focuses on cookie-level data over 

very short time windows, MMM can provide 

similar learnings across both off and online 
through higher frequency time series data. 

The process is illustrated in Figure 5, where 

the dynamic aggregated framework set out 

in Sections 2 and 3 is first estimated at daily 
level, providing trend and seasonal factors and 

incremental contributions for off and online media 
investments. We then take the hourly data for 

sales and remove the (proportions of) trend and 

the contributions for all variables not available 
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side panel of Figure 5 – are constructed on 

the last three months of data used to build the 

main daily models, with contribution/parameter 
constraints set from the daily models to ensure 

consistency. The hourly models are then updated 

weekly to deliver the types of rapid in-campaign 

attribution illustrated in Figure 6. 

Figure 5. High frequency MMM

Figure 6. Campaign response attribution
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5. Conclusions

With the potential demise of MTA, the focus is once more back on the marketing mix model as an 

attribution framework. However, to be useful and live up to the exacting standard that marketers 

have come to expect, any next-generation MMM approach needs to satisfy three fundamental 

criteria.

Firstly, to serve as a true attribution solution, MMM needs to focus on causal estimation methods. 
Too often, we see reliance on consumer journey solutions to address the problems of last-touch-

attribution. However, much like micro-level MTA methods, these ignore the endemic selection bias 

in many online media – leading to endogeneity bias and misallocation of the marketing mix. The 

growing popularity of automated machine learning (ML) approaches to the mix model only serves 

to exacerbate this problem. To address this issue, all MMM work - whether based on regression, 

neural nets, or other ML methods - needs a transparent identification scheme to isolate true 
incrementality. 

Secondly, MMM needs to quantify the long-term (base-building) effects of marketing and so inform 
brand-building strategy. Standard approaches are simply not set up to measure these effects, with 
fixed baselines and a focus on short to medium-term lag structures or Adstocks. Alternative time 
series structures are required that can quantify both short and long-term (base) variation – coupled 

with dynamic network models that can explain the causes of base variation and the economics of 

brand-building. 

Finally, next-generation MMM needs to deliver near ‘real-time’ granular insights on marketing ROI 
and optimal budget allocation. Suitably identified high-dimension mix models – by day and hour 
– can fit the bill. This can provide many of the claimed benefits of MTA, such as online media 
effectiveness ranking by publisher and placement, with the added benefit of controlling for the 
wider economic environment and quantifying the contribution of pricing and offline media. 
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