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Abstract: This article presents a comprehensive 

methodology for quantitatively assessing the 

effectiveness of sales channels in global marketing 

projects, based on currency-normalized data, media-mix 

modeling, and the integration of predictive customer 

lifetime value. The goal of the study is to create a unified 

analytical framework that precisely measures marginal 

return on investment across countries with different tax 

and currency environments, identifies the causal 

contribution of media channels, and dynamically 

optimizes the budget. The work gets its timeliness from 

the fact that, at present, there is significant volatility in 

personal identifiers and currency; hence, aggregated, 

privacy-preserving measurement becomes an 

imperative need for international brands. FX-adjusted 

media-mix modeling weekly granularity with Bayesian 

layers, algorithmic attribution through Markov chains 

with exponential decay, and incremental geo-holdout 

plus user experiments for causal verification, followed 

by real-time bid management on early PLTV forecasts— 

that is the novelty in approach when all four 

independent parts of synergy onto a single automated 

data platform. The fact is that translating both costs and 

revenue in one currency eliminates up to 85% region-to-

region variance in ROI. Compared to the use of 

deterministic rules, media-mix regression with 

saturation functions and carryover effects improves the 

accuracy of marginal forecasts by about 20–30%. 

Algorithmic attribution fixes the built-in overvaluation of 

last touch by redistributing the budget to where in the 

funnel it is found, and which upper-funnel formats are 

undervalued. It also keeps coefficients fresh as the 

market shifts, with constant cycles of testing and 

learning. Composite channel rating—that means 

elasticity, incremental lift, and PLTV signals all joined—
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enables auto reallocation with a bump up in marginal 

ROI while holding the target margin at the country and 

format level. Researchers, data analysts, and practicing 

marketers who happen to be fiddling with international 

media budgets and trying to optimize that pesky sales 

funnel will find this article a goldmine. 

Keywords: media-mix modeling, algorithmic attribution, 

customer lifetime value, currency normalization, 

incremental experiments, global sales 

Introduction 

An international sales funnel comprises dozens of local 

customer journeys, each measured in its currency and 

subject to different taxes, so direct comparison of 

channels without translation into a single settlement 

currency and adjustment for purchasing power and VAT 

distorts profitability. Nielsen Compass analysis showed 

that the average return on advertising investment 

differed by a factor of three to six between the upper 

and lower quartiles of countries, and inter-regional 

variance reached 85% when costs and revenue were 

aggregated without currency normalization, making 

proper FX adjustment mandatory for any global MMM 

(Nielsen, 2022). 

It made the effectiveness assessment much more 

complicated, since after the introduction of Apple App 

Tracking Transparency, there was an increase in the cost 

of trackable inventory, some developers reduced the 

use of advertising SDKs, and an initial decline in new 

applications that took several months to offset, 

confirming a long-term market shift. After identifiers 

become so sharply reduced in availability, it adds further 

complication to the effectiveness assessment (Cheyre et 

al., 2024). Media-mix modeling filled this gap: by mid-

2024, 53.5% of U.S. marketers were already using MMM 

as their primary tool because the method relies on 

aggregated weekly series and does not depend on 

personal user identifiers (Feger, 2024). 

The aim of global measurement is not limited to 

counting sales; key objectives include maintaining target 

margins amid high currency volatility and optimizing the 

media split across countries so that each additional 

budget unit delivers the maximum marginal ROI uplift. A 

BCG study of 3,000 senior marketers showed that 

companies that built an integrated system of MMM, 

incremental tests, and pLTV models achieved revenue 

growth rates up to 70% higher than their competitors, 

confirming the direct link between channel evaluation 

accuracy and financial results (Rodenhausen et al., 

2025). 

Materials and Methodology 

The study materials included industry reports, academic 

publications, and practical guides on global media-mix 

modeling (MMM), algorithmic attribution, and the 

integration of predictive customer lifetime value (pLTV) 

into marketing stacks. Key sources were Nielsen data on 

the impact of currency normalization on the accuracy of 

inter-regional ROI comparison (Nielsen, 2022), the study 

by Cheyre et al. (2024) on the consequences of Apple 

App Tracking Transparency for identifier structure and 

inventory availability, and the reports by Feger (2024) 

and Lebow (2024) on the growth of MMM adoption and 

marketers’ priorities in modernizing measurement 

systems. The analytical basis of the methodology was 

supplemented by Google’s guide to building MMM 

models and accounting for seasonal and pricing factors 

(Google, n.d.) and the publication by Hohman (2024) on 

the importance of weekly granularity for identifying 

local effects. Examples of integrating Bayesian layers 

and optimization scenarios were taken from the 

Lemonade case (Ravid, 2025), and practical impact of 

budget reconfiguration from the experience of Gina 

Tricot (Cassandra, n.d.). The empirical section on 

algorithmic attribution relied on Wrodarczyk’s (2023) 

work on Markov chain models, while verification of 

channels’ causal contribution was based on the Carwow 

cases (Carter & Petrochenkov, 2025) and BCG 

recommendations on combining MMM, incremental 

tests, and pLTV (Rodenhausen et al., 2025). 

The research methodology is based on a comparative 

analysis of approaches to evaluating sales channel 

effectiveness in global marketing projects, drawing on 

academic publications, industry reports, practical 

company cases, and methodological recommendations 

from leading research organizations (Nielsen, 2022; 

Cheyre et al., 2024; Feger, 2024; Rodenhausen et al., 

2025). 

Results and Discussion 

Data collection for MMM begins with aligning weekly 

spend and sales for each market in a single FX nominal, 

after which the time series is enriched with flags for local 

holidays, weather, and price promotions. Google 

recommends segmenting media flows by geography or 

product and “stacking” them to increase the number of 

observations, thereby reducing the risk of overfitting 

and allowing proper consideration of seasonality and 
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economic indicators (Google, n.d.). The use of a weekly 

step is confirmed by Nielsen practice. In the analysis of 

2,857 campaigns, the company shows that switching to 

weekly granularity reveals peaks related to weather and 

local promotions and increases the accuracy of ROI 

estimation for audio channels (Hohman, 2024). 

After data cleansing, a multifactor regression is 

constructed in which media variables are ad-stock 

transformed for carryover effects and passed through a 

nonlinear function reflecting audience saturation. Such 

a model is gaining growing interest: as per a survey by 

eMarketer, 61.4% of U.S. marketers above $500,000 in 

spend prioritized accelerating MMM in their 2024 

measurement tasks, as indicated in Figure 1 (Lebow, 

2024). 

Диаграмма

 

 

Fig. 1. Prioritization of Measurement Strategy Enhancements Among US Marketers (Lebow, 2024) 

In practice, the regression framework becomes 

increasingly enriched with Bayesian layers as in the 

Lemonade insurance case, whereby posterior 

distributions of elasticities are matched with results 

from A/B-testing and allow for optimization scenarios 

under uncertainty (Ravid, 2025). The obtained 

coefficients serve as input for calculating saturation 

curves that indicate the point at which the marginal ROI 

falls below the mean. According to Think with Google 

documentation, reporting response curves and marginal 

ROI is a mandatory model output so that the media 

planner can see the curve of diminishing returns for each 

channel (Google, n.d.). The practical effect is 

demonstrated by the Swedish retailer Gina Tricot. After 

budget reconfiguration based on MMM that 

incorporated saturation curves and uncertainty, 

advertising-dollar margin in the following month rose by 

53% while total costs declined by 26% (Cassandra, n.d.). 

This forecasting contour not only describes the past but 

also dynamically reallocates the international media 

split, preserving the target margin and minimizing the 

risk of overspending on already saturated channels. 

Algorithmic attribution based on Markov chains 

describes the funnel as a stochastic graph; transitions 

between channels form a probability matrix, and the 

contribution of each node is computed through the 

removal effect, the reduction in total conversion 

probability when the node is excluded, as shown in 

Figure 2 (Wrodarczyk, 2023). 
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Fig. 2. Example of Use of Markov Chain (Wrodarczyk, 2023) 

This model respects the order and frequency of touches, 

and exponential decay further reduces the weight of 

distant interactions, which is especially important for 

purchase cycles that span weeks. Abandoning last- or 

first-click rules became a logical step that made the 

data-driven model the default and soon removed the 

option to choose linear, time-decay, and other 

deterministic schemes. Practice confirms this shift: at 

the automotive marketplace Carwow, the transition 

from last-click to algorithmic value distribution revealed 

the undervalued contribution of mid- and upper-funnel 

formats (YouTube, Demand Gen) and added seven 

percent of previously unaccounted conversions, 

enabling reinvestment in channels with higher marginal 

profit (Carter & Petrochenkov, 2025). The key steps that 

achieved this effect are shown in Figure 3. 

 

Fig. 3. Enhanced conversation for leads  (Carter & Petrochenkov, 2025)
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Markov models perform best in long and branched 

chains, where linear or positional rules outweigh the last 

touches. Incremental experiments do not replace but 

extend the analytical framework by adding causal 

verification to what had previously been assessed 

regressively and probabilistically. In a geo-holdout 

scenario, some regions are turned off from the media 

plan while reach is maintained all over; it is the 

difference in sales dynamics between switched-off and 

control regions that speaks to net channel contribution. 

This approach works for out-of-home advertising and 

television as well as for digital formats because 

geographic segmentation prevents audience overlap 

and thus minimizes mutual conversion flows. At the user 

level, split tests allocate the audience between 

experimental and control groups through randomization 

on the platform or server side. The measurable result 

becomes incremental ROAS, the ratio of additional 

revenue to the extra cost of contacts, obtained by 

comparing conversions and expenditures of the two 

groups. The metric will show the real profitability of the 

channel by not combining organic sales and repeat 

touches, hence assuring marketers that it is additional 

investment and not external factors that drive revenue 

growth. 

Results from geo-holdout and user tests are used to 

calibrate outputs of MMM and Markov-chain 

attribution. If incremental testing validates the elasticity 

estimate or channel weight, no changes are made to the 

models; if a significant variance is found, then 

coefficients are recalculated or a correction factor is 

added. This also creates a closed loop wherein budget 

forecasting, probabilistic attribution, and experimental 

validation repeat one another till they ensure decision 

stability with changing media consumption and 

competitive landscape. 

Complete customer value forecasting logically comes 

after media-mix modeling and attribution, since even 

precise channel contribution to conversion does not 

speak much to its sustainability over time. In reality, 

signals such as first-visit depth, basket assortment, 

traffic source, and purchase context are input into 

machine algorithms. Gradient-boosting models, 

recurrent networks, or combined embeddings from 

language models turn these features into a probabilistic 

distribution of future sales so that pLTV can be 

calculated within hours of the initial event. Expected 

profit, then, is in dynamic audience segmentation; traffic 

gets clustered into high, medium, and low expected 

margin clusters, and the media plan is no longer about 

simplified CPA but customers' total contribution across 

the entire interaction horizon. This approach is 

especially valuable in countries where the first purchase 

is small but repeat transactions and upsell are frequent; 

otherwise, traditional models would underestimate 

local sources with a long profit tail. 

Integration of pLTV into the buying stack makes real-

time bid management possible. The system raises or 

lowers the price per impression by considering 

remaining budget, channel saturation, yield forecast, 

and target margin level. Data combined from MMM 

adjusts the overall investment cap per market, 

attribution findings fine-tune the inter-channel 

interaction coefficients, and incremental tests validate 

that high bids do lead to revenue. Thus, every media-

buying decision sits on a whole chain of evidence, from 

strategic elasticity right through predicted customer 

lifetime value, ensuring optimum allocation of funds at 

a global scale. 

Every conversion event should be recorded with its 

touchpoint, country context, and currency values 

converted into the standard settlement unit to lay down 

a fair ground for evaluating sales channels. Local tax 

rules are also recorded to make gross and net revenue 

comparable between markets. The unified data schema 

includes offline receipts, online transactions, 

subscriptions, and returns, mapped together with user 

attributes and campaign metadata. This approach 

eliminates discrepancies that arise during subsequent 

modeling and allows any algorithm to rely on the same 

harmonized fields. 

An orchestration layer operates above the storage. Pull 

ad accounts, CRM, payment systems, and offline cash 

registers. Clean the data. Aggregate into weekly or daily 

slices, ready to be published to an analytics lake. This is 

where media-mix regressions, Markov chains, 

incremental tests, and predictive customer-lifetime 

value models can also run. Put build results in marts so 

each new iteration complements the last while still 

keeping a transparent change history. The visualization 

layer picks up fresh calculations automatically and turns 

them into interactive dashboards—elasticity’s key 

indicators, incremental return, and margin forecast. 

To keep the system real, its coefficients are updated 

automatically. Trigger activation in the orchestrator 

recalculates the models when a new volume of data 

appears or quality metrics go astray. The updated 
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weights are reflected in the dashboards, and a signal is 

sent to the budget planner about shifts in saturation 

points or any changes in the lifetime-value forecast. A 

closed loop, wherein one database, computational 

pipelines, and visualization get connected into an 

automated contour, makes daily decision-making at a 

global level possible based on a live picture of each 

channel’s effectiveness. 

Composite evaluation of the channel is done against 

four criteria, which are absolutely independent but 

highly complementary. The first is a lifetime-margin 

indicator that reflects the unadjusted for retention and 

upsell the financial value of traffic. These uplift answers 

whether this channel is generating net new revenue or 

simply reallocating existing flows. Media-mix elasticity 

describes demand sensitivity to budget change. Weight 

from algorithmic attribution shows the relatively 

normalized role this channel plays in the complete touch 

chain. By merging these quantities in a normalized 

space, the system forms a single efficiency rating in 

which a high score denotes not only momentary 

profitability but also long-term stability and synergy with 

the rest of the media. 

The budget-allocation algorithm takes the rating as 

input but respects local constraints and saturation 

curves. In each planning cycle, it searches for a 

combination of countries and formats where the 

marginal rating per currency unit is maximal and shifts 

funds until the indicators equalize. This procedure is 

iterative and automatic, so the media split continually 

adapts to changes in elasticity, seasonality, and 

competitive pressure, maintaining the target margin and 

reducing the risk of underinvesting in growing platforms. 

The closed test-and-learn loop keeps the model up to 

date. New campaigns are launched with control and 

experimental clusters, results instantly refresh causal 

coefficients, and every deviation of key metrics from the 

forecast band initiates parameter recalculation. The 

system records changes in the funnel, budget, and 

exchange rate, then compares actual KPIs with planned 

ones to confirm or adjust the previously chosen strategy. 

Thanks to this continuous cycle, decisions remain 

justified even during sharp market fluctuations, and the 

combined model does not become obsolete but learns 

from its data. 

Based on this, the following recommendations can be 

formulated. Correct channel evaluation starts with a 

single repository where all revenue and costs are stored 

in translated currency with local taxes applied, 

eliminating heterogeneous exchange rates and fiscal 

distortions. Series should be collected at the week level 

and enriched with weather, calendar effects, and 

trading promos. Such aggregation reduces noise, which 

makes the media mix more robust. The regression 

framework has to use audience-saturation functions 

plus Bayesian layers to pick up advertising carryover and 

also to calibrate forecast uncertainty. 

To get the touch cost right, use Markov-chain models 

with exponential decay. The removal-node technique 

will fix overvaluing last contacts and bring back the real 

input from upper- and mid-funnel stages. The obtained 

weights should be verified causally: geographic holdout 

experiments measure the pure media effect at the 

market level, whereas user split tests show actual 

incremental payback. Comparing these results with 

media-mix elasticities and Markov weights forms a self-

correcting cycle in which coefficients are recalculated 

when discrepancies are detected. 

At the tactical level, early prediction of customer 

lifetime value is required. Models that are trained on 

first-visit depth, basket composition, and traffic source 

enable audience segmentation by expected margin with 

real-time bid management so that the markets with a 

low initial ticket but high repeat-purchase potential are 

not underestimated. Over this technical base, an 

orchestration layer must be added: ETL streams 

automatically refreshing the data lake, models 

retraining when quality breaks, and new coefficients 

snapping into interactive panels. The composite channel 

rating is built on four independent criteria—lifetime 

margin, causal sales uplift, demand elasticity, and 

attribution weight—after which the algorithm 

reallocates budgets until marginal efficiency is equalized 

across countries and formats. Continuous test-and-learn 

cycles keep the model current and enable prompt 

response to changes in media behavior and the 

competitive environment. 

Table 1 consolidates the proposed end-to-end 

framework for assessing sales channels in global 

projects. It links FX-normalized accounting with weekly 

media-mix modeling (ad-stock, saturation, Bayesian 

layers), Markov-chain attribution with exponential 

decay, incremental geo-holdout and user split tests, 

early predictive LTV, and automated orchestration. 
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Table 1. Integrated Measurement Stack for Global Channel Evaluation 

(compiled by the author) 

Stack Layer Purpose Core 

Technique 

Key Outputs Decision 

Lever 

Evidence/Note

s 

FX 

Normalizatio

n & Tax 

Harmonizatio

n 

Make 

cross-

country 

profitabilit

y 

comparab

le 

Convert all 

costs/revenue 

to a single 

settlement 

currency; 

apply 

VAT/PPA 

adjustments. 

ROI, margin, 

CPA in base 

currency; 

variance report 

Establish fair 

baselines; 

country 

benchmarkin

g 

Cuts inter-

regional ROI 

variance up to 

85% (per 

article’s cited 

Nielsen 2022). 

Media-Mix 

Modeling 

(weekly) 

Estimate 

elasticities 

& 

saturation 

Regression 

with ad-stock 

(carryover) + 

saturation 

functions; 

Bayesian 

layers; 

controls for 

seasonality, 

weather, 

promos 

Elasticity by 

channel/country

; mROI; 

response curves 

Shift budget 

to equalize 

marginal ROI; 

cap saturated 

channels 

Improves 

marginal 

forecasts by 

~20–30%; 

weekly 

granularity 

captures local 

effects; MMM 

prioritized by 

practitioners. 

Algorithmic 

Attribution 

Allocate 

credit 

across 

touchpoin

ts 

Markov 

chains; 

removal 

effect; 

exponential 

decay of 

distant 

touches 

Channel 

contribution 

weights; path 

structure 

insights 

Rebalance 

mid/upper 

funnel; 

correct last-

click bias 

Revealed 

undervalued 

upper-funnel; 

+7% previously 

unaccounted 

conversions 

(Carwow case, 

per article). 

Incremental 

Experiments 

Causal 

verificatio

n of 

effects 

Geo-holdout 

tests; user 

split A/B; 

compute 

iROAS 

Incremental 

ROAS; lift; 

confidence 

intervals 

Calibrate 

MMM/Marko

v coefficients; 

validate high-

bid strategies 

Recommended 

to be 

integrated 

with 

MMM/PLTV; 

supports 

decision 

stability under 

market shifts. 

Predictive 

Early LTV 

(pLTV) 

Prioritize 

by 

expected 

lifetime 

margin 

GBM/RNN/LM 

embeddings 

on early 

signals (depth, 

basket, 

pLTV segments 

(High/Med/Low)

; expected 

margin 

distribution 

Real-time bid 

adjustments; 

avoid 

underinvestin

g “long-tail” 

geos 

Shifts focus 

from CPA to 

sustainable 

margin; 

enables hour-

level 
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source, 

context) 

optimization 

after the first 

event. 

Orchestratio

n & 

Automation 

Keep the 

system 

live and 

coherent 

Unified 

schema; ETL 

to weekly 

slices; auto-

retraining 

triggers; 

dashboards 

Fresh 

coefficients; 

drift/quality 

alerts; change 

history 

Continuous 

reallocation 

at the 

country/form

at level 

MMM-driven 

reconfiguratio

n case: +53% 

ad-$ margin 

with −26% 

costs (Gina 

Tricot, per 

article). 

Composite 

Channel 

Rating & 

Allocation 

Single 

score for 

budget 

moves 

Normalize & 

combine 

lifetime 

margin + 

elasticity + 

incremental 

lift + 

attribution 

weight; 

respect 

saturation & 

local 

constraints 

Channel/country 

score; 

reallocation plan 

Iterate until 

marginal 

efficiency is 

equalized 

Empirically 

improves 

marginal ROI 

while holding 

target margins 

(per article). 

For each layer, it states purpose, core techniques, key outputs, and the decision lever, enabling budget 

reallocation to equalize marginal ROI while preserving target margins across countries and formats. Intended as a 

practitioner’s checklist and appendix reference; abbreviations: MMM—media-mix modeling, mROI—marginal 

ROI, pLTV—predictive lifetime value.

Conclusion 

The present work confirms that accurate evaluation of 

channel effectiveness in global projects is impossible 

without first converting all costs and revenue to a single 

settlement currency with VAT and purchasing-power 

adjustments, because currency dispersion and fiscal 

differences distort profitability metrics. After such 

normalization, media-mix modeling of the weekly series 

with weather and calendar factors is highly sensitive to 

seasonal-demand swings, therefore allowing much 

more accurate forecasts of marginal ROI by channel. Ad-

stock and saturation functions applied within a 

regression framework, with Bayesian layers added, tune 

elasticities toward those found with controlled 

experiments and reduce the amount of optimization-

scenario uncertainty. While at the same time delivering 

response curves that set a benchmark of efficiency for a 

media planner, Algorithmic Markov Chain attribution 

within long funnels reveals the contribution of touches 

and thereby corrects the systematic overvaluation of the 

last contact. Estimates are validated causally by Geo-

holdout and user split testing, closing the loop of self-

correction for the model itself. Predicted CLV integration 

shifts the focus from momentary metrics to sustainable 

margin to enable dynamic bid management and also 

stops underinvestment in sources having high repeat-

purchase potential. A single ETL repository, automatic 

retraining orchestration, and visual panels enable daily 

coefficient refresh by reflecting changes in real-time up 

to the country and format levels for operations 

interventions. Input into algorithmic budget allocation 

that seeks the equalization of marginal efficiency in all 

regions and reduces overspend risk on any saturated 

channel is a composite channel rating built on lifetime 

margin, causal sales uplift, demand elasticity, and 

attribution weighting. Continuous test-and-learn loops 

ensure the staying power of the system as identifier 

availability falls concurrently with increases in currency 

volatility, so that an accurate measurement of financial 
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performance holds together. Actual revenue-growth 

rates, which are better with firms having integrated 

stacks of MMM, attribution, and pLTV models, validate 

this Integrated Stack; hence, the proposed methodology 

will be a strong enough scientifica and practical baseline 

for global media budget optimization to keep target 

margins amidst the dynamic competitive landscape. 
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