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Modeling Aggregate Consumer Journeys in a Cookie-Free Environment: A

Two-Stage Framework for Marketing Mix Models

Abstract

This paper addresses the challenge of measuring marketing effectiveness when only
aggregate data are available, a growing concern in an era of heightened privacy regulations
and declining access to individual-level tracking. We propose a two-stage marketing mix
modeling (MMM) framework that combines modern machine learning with classical
econometric approaches. In the first stage, the framework augments classical MMM with a
machine-learning classifier to capture directional changes in sales, followed by a calibration
stage that maps these signals into continuous sales forecasts. This design extracts robust
patterns from noisy, aggregate time-series data while retaining flexibility across modeling
contexts. Applied to a proprietary dataset of monthly sales and counts of marketing
touchpoints at the channel level from a global software firm, the framework outperforms
conventional baselines such as linear regression and Gaussian process regression, and also
outperforms ensemble methods like AdaBoost and neural network baselines, while
remaining robust across data-constrained settings. We further illustrate the interpretability
of the framework by applying Shapley value analysis, which highlights the touchpoints that
consistently contribute to sales while filtering out redundant activity. In summary, our
framework can extend the MMM paradigm, helping firms evaluate campaign effectiveness

and allocate budgets with confidence in a cookie-free, aggregate data environment.

Keywords: Marketing mix model (MMM), Machine learning, Aggregate data, Ensemble

methods, Privacy-first analytics, Campaign effectiveness.
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1 Introduction

Marketing mix modeling (MMM) has long provided firms and researchers with tools to eval-
uate the effectiveness of marketing activities using aggregate data. Rooted in time-series
econometrics, classic MMM studies often employ regression frameworks to relate advertising
expenditures, promotions, and other marketing inputs to sales outcomes. FEarly contri-
butions by Hanssens et al. (2001) established the econometric tradition of marketing mix
modeling, highlighting how advertising and other marketing activities affect sales over time.
More recent work by Pauwels and colleagues advanced this tradition by developing meth-
ods that capture persistence and feedback among marketing variables, often using vector
autoregressive (VAR) models (Pauwels et al. 2002, 2004). These models have proven useful
for quantifying how shocks to marketing investments propagate over time, but they are typ-
ically limited to a small number of aggregate inputs and assume largely linear, stationary
relationships.

The environment in which firms operate today presents new challenges for MMM. The
marketing ecosystem now involves dozens of channels and hundreds of campaign types, gen-
erating high-dimensional data that strains the assumptions of classical econometric models.
At the same time, growing privacy restrictions and the deprecation of third-party cookies
have curtailed the availability of individual-level journey data. In prior years, attribution
models that relied on detailed clickstream tracking, such as those developed by Li and Kan-
nan (2014), Ghose and Todri-Adamopoulos (2016), and Kireyev et al. (2016), offered insights
into the contributions of specific touchpoints along the consumer path to purchase. Yet in
the current context, attribution modeling is becoming increasingly infeasible: as third-party
cookies and cross-site identifiers are blocked by browsers (such as Safari and Firefox) and
legislated against (e.g., under GDPR, CCPA), granular user-level sequences lose coverage,
making traditional last- or multi-touch attribution models unreliable or unusable going for-

ward. At the same time, firms often only have access to short, noisy periods of aggregate
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data, which further complicates measurement and forecasting. As a result, managers must
rely on aggregate metrics of impressions, clicks, and conversions within these short horizons,
echoing the classical MMM tradition but under far more constrained conditions.

While classical VAR and regression-based MMM methods have offered important insights,
their performance can become strained when applied to dozens of correlated touchpoint
variables, often requiring simplifying assumptions or aggregation that may come at the cost
of managerial detail. Moreover, aggregate data are noisy, and the signal-to-noise ratio can
be low when predicting monthly or weekly sales. Recent advances in machine learning (ML)
provide a pragmatic way forward. While not conceptually new, ensemble methods such
as gradient boosted trees and neural networks can flexibly handle large input spaces and
nonlinear interactions, offering predictive accuracy beyond that of traditional econometrics.
Their use in MMM is not about novelty for its own sake, but about meeting the practical
need for tools that can extract meaningful signals from aggregate yet complex marketing
data.

In this paper, we leverage recent advances in ML to address the need for effective mar-
keting measurement using only aggregate data. We propose a two-stage framework that
combines flexible machine learning with classical MMM approaches. In the first stage, an
adaptable ensemble-based classifier (e.g., boosting methods or random forests) can be se-
lected and tuned by the firm to fit its specific data context and predict the directional change
in sales. In the second stage, a classical model (such as regression, VAR, or other time-series
techniques) calibrates these directional signals into continuous sales forecasts. Designed to
accommodate a broad class of established models, the framework extracts meaningful pat-
terns from noisy, aggregated time-series data while remaining adaptable to diverse empirical
settings.

Applied to a proprietary dataset of monthly marketing touchpoints and sales from a global
software firm, the two-stage MMM framework demonstrates performance gains relative to

traditional econometric baselines. In our implementation, the first stage uses XGBoost to
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predict sales direction, followed by a regression calibration in the second stage. While the
model is presented for illustrative purposes and does not exhaust the many alternative spec-
ifications available in either stage, it nonetheless outperforms standard benchmarks such
as linear regression and Gaussian process regression, and even outperforms some ensemble
and neural network baselines. In addition to predictive accuracy, interpretability remains
important for managerial use. We incorporate Shapley value analysis (Shapley 1953, Lund-
berg and Lee 2017) as an illustrative diagnostic tool, allowing us to decompose predictions
into channel-level contributions. While not intended to provide precise elasticities, this ap-
proach highlights which touchpoints consistently influence outcomes and makes the model’s
reasoning more transparent.

Overall, our work aims to extend the marketing mix modeling paradigm into a new era,
where individual-level tracking is no longer feasible. Our findings highlight how a directional-
first approach can provide managers with reliable guidance on campaign effectiveness and
budget allocation in a cookie-free environment. In doing so, the framework helps bridge
the gap created by the decline of granular consumer data and demonstrates how marketing

analytics can remain informative even under increasing data constraints.

2 Literature Review

2.1 Marketing Mix Modeling with Aggregate Data

MMM has long served as a primary tool for linking marketing inputs to sales outcomes at the
aggregate level. A large body of research has demonstrated the dynamic effects of advertising
and promotions on both short- and long-term outcomes. For example, Hanssens et al.
(2001) documented persistence, lagged response, and equilibrium adjustment in sales and
brand performance. Neslin and Shoemaker (1989) analyzed the effects of sales promotions,
showing both immediate lift and carryover implications. Mela et al. (1997) highlighted how

advertising and promotions jointly influence brand equity over time. Pauwels et al. (2002)
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emphasized carryover and competitive dynamics, illustrating how marketing investments
affect consumer incidence, brand choice, and purchase quantity.

The expansion of digital channels has further increased the complexity of MMM. Aca-
demic work has responded with more flexible estimation strategies, including shrinkage and
regularization, to improve stability when many channels are observed simultaneously. Field
experiments also provide causal benchmarks for advertising effects (Hoban and Bucklin 2015,
Gordon et al. 2019), offering important validation for observational models.

At the same time, industry has provided large-scale MMM platforms tailored for privacy-
compliant settings, such as Google’s Meridian and Meta’s Robyn, which are accessible
to practitioners. These developments reflect the growing emphasis on aggregate, privacy-
compliant measurement frameworks. In practice, however, many managers lack the long and
stable time series that traditional MMM requires to estimate dynamic effects. Campaign
cycles, reporting changes, and privacy restrictions often leave managers with only short and
noisy aggregate windows, further complicating estimation. This limitation highlights the
importance of developing methods that remain informative even when only short aggregate

windows are available.

2.2 Attribution Modeling

Another stream of research focuses on multichannel attribution, which studies how sequences
of touchpoints contribute to conversion. Early models include logistic regression and hidden
Markov models to capture transitions along the funnel (Montgomery et al. 2004, Li and
Kannan 2014), as well as approaches that account for cross-channel dynamics (Kireyev et al.
2016). These studies underscore the importance of order, timing, and interaction effects in
understanding the path to purchase.

More recent work brings machine learning methods into attribution modeling. Topic
models and related probabilistic approaches have been used to uncover latent themes in

consumer search and clickstream behavior (Trusov et al. 2016, Li and Ma 2020). Poisson
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factorization has been applied to interpret search queries and click-throughs at scale (Liu
et al. 2021). Beyond probabilistic methods, newer implementations adapt flexible algorithms
such as neural networks (Churchill et al. 2024) and transformers (Lu and Kannan 2025) to
attribution settings, aiming to extract predictive signals from increasingly fragmented or
high dimensional data (Ma and Sun 2020). These advances extend attribution modeling be-
yond rule-based heuristics and classical probability models, providing richer ways to evaluate

channel effectiveness under privacy and data sparsity constraints.

2.3 Interpretability and Model Diagnostics

As marketing analytics increasingly incorporate machine learning methods, interpretability
has become an important complement to predictive accuracy. Managers not only need
reliable forecasts but also transparency into which channels or activities drive results. A
growing set of diagnostic tools provides this visibility, ranging from impulse response analyses
in time-series models to marginal effects in regression-based models.

More recently, approaches based on Shapley values (Shapley 1953, Lundberg and Lee
2017) have gained popularity because they allocate predictive contributions to individual
inputs in a consistent and theoretically grounded manner. In marketing, attribution models,
such as Li and Kannan (2014), highlight the value of decomposing multichannel effects,
and manually calculate Shapley values when estimating the marginal impact of individual
channels within a multichannel setting. More recent studies extend this line by applying
Shapley methods directly. For example, Churchill et al. (2024) leverage the interpretable
image features and Shapley plots to visualize how various digital touchpoints are associated
with sales, demonstrating the flexibility of Shapley analysis for unpacking complex models
and communicating insights to both academic and managerial audiences.

For contexts where user-level data are unavailable or privacy constraints require aggrega-
tion, interpretability becomes especially critical. Shapley analysis provides a way to illustrate

which touchpoints are meaningful in a given data window, helping firms distinguish recurring
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signals from fluctuations. In this sense, interpretability tools connect advances in predictive
modeling with the managerial need for transparent and actionable guidance.

Building on these streams, our study proposes an aggregate-data, privacy-aligned two-
stage approach. By focusing first on directional prediction through pairwise ranking and
then connecting these rankings to sales levels, the framework addresses the challenge of
forecasting absolute outcomes in short aggregate windows while still producing actionable
measures. The inclusion of Shapley analysis offers a qualitative and illustrative view of
channel contributions, complementing the predictive core and situating our work at the

intersection of MMM, attribution modeling, and interpretable machine learning.

3 Data

We analyze a proprietary dataset from a U.S.-based multinational software service provider
that records monthly marketing activity and sales from 2018 to 2021. The firm markets a
portfolio of more than 20 subscription-based software applications through diverse digital
channels. In total, the dataset covers 20,556 unique users, of whom 2,425 (11.8%) subscribed
at least once during the observation window. FEach month, we observe the counts of 31
distinct marketing touchpoints, including display impressions and clicks, email sends, opens,
and clicks, as well as organic and paid search interactions. These counts are aggregated
across all users, and the corresponding number of sales in the following month is recorded!.

Thus, the data is utilized as input/output pairs:

{x(t),y(t + DI (1)

'Many companies make marketing decisions on a monthly basis, rather than weekly or daily, which moti-
vates our use of months as the time scale here. Finer granularity (daily or weekly) offers more observations
but is meanwhile highly volatile, whereas coarser granularity, e.g., multi-month, smoothes volatility but
leaves too few observations for generalizable estimation. Nonetheless, the technique presented is malleable
and can accommodate shorter or longer aggregation periods as needed.
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where N(T') is the total number of months in the data period, x(t) € R3' are touchpoint
counts in month ¢, and y(t + 1) € R is the sales count in month ¢ + 1.

We adopt this lagged specification because marketing actions in the current month are
designed to influence future outcomes, not contemporaneous sales. Additionally, it mitigates
simultaneity concerns given that sales and touchpoints often move together within the same
month. Meanwhile, in our exhaustive empirical testing, the previous month’s touchpoint
counts were a superior predictor of the current month’s sales than the current month’s
touchpoints, where supplementing the previous month’s touchpoints with those of the current
month did not improve predictive accuracy.

Although the raw dataset spans more than three years, the counts of each type of touch-
point are heavily imbalanced. For example, one category of touchpoints remained at several
thousand per month for a time, then dropped to zero for many months before spiking again.
It is unclear whether such zeros represent a genuine absence of marketing activity due to
strategic reallocation, or instead arise from missing data caused by vendor changes or re-
porting issues. Including these irregular months would confound interpretation and risk
attributing results to data artifacts rather than true marketing effects. This degree of imbal-
ance also reflects the difficulty of drawing reliable inferences from the full series, and later
motivates our focus on two shorter continuous periods of consistent coverage.

With increasing restrictions on individual-level tracking, managers often lack access to
detailed clickstream or journey data. In addition, certain marketing channels, such as mass
media and sponsorships, report only at the aggregate level. Aggregate counts, therefore,
remain one of the few feasible data sources for evaluating marketing effectiveness. By work-
ing with short windows of aggregated monthly series, our study provides a framework for
extracting predictive insights when only limited aggregate-level data are available, offering
practical solutions to the more constrained data collection opportunities.

The two continuous windows for study are Period 1 (13 months) and Period 2 (10 months).

Table 1 reports the means and standard deviations of monthly touchpoint counts across these
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two analysis windows. The allocation of touchpoints differs noticeably between Periods 1
and 2. Some channels were entirely inactive in one period but present in the other. For
example, Display Impression Type 4, Display Click Types 2 and 4, and Paid Affiliate Click
appear only in Period 2, while Paid Social Impression and Paid Social Click are present
only in Period 1. Even when touchpoints are active in both periods, their intensity varies
substantially.

Figures 1 and 2 show how the differences in marketing allocations across periods translate
into different sales trajectories. In Figure 1, the sales in Period 1 fluctuate with more frequent
ups and downs, but overall within a relatively narrow band. In contrast, Period 2 in Figure
2 shows greater volatility.

Although the duration of the two periods is different, within each period, we use the first
five months for training and the remaining months for testing. This design achieves two
goals: it eliminates ambiguity created by scattered missing values, and it provides a realistic
test of whether meaningful predictive signals can be extracted from short period of aggregate
marketing data.

With this dataset, we would like to investigate how aggregate data, rather than user-
level tracking, can inform marketing decisions when individual journeys cannot be observed.
Our purpose is not to claim definitively that aggregate data are sufficient for prediction,
but rather to illustrate the possibilities and limitations. In doing so, we aim to initiate a
discussion on what marketing analytics looks like when the field shifts back to aggregate-level
data after decades of relying on detailed user-level records, and how more recent methods,

such as neural networks and boosting, may or may not help in this transition.

4 Model

Given the data described in Section 3, our objective is to learn a regression model R, : R3 —

R* that accurately maps monthly touchpoint counts to subsequent sales, i.e., R(x(t)) =~

Marketing Science Institute Working Paper Series



Table 1: Means () and Standard Deviations (o) of Touchpoint Counts in Periods 1 and 2

Touchpoint Type 1 o1 142 09

Display Impression Type 1 34151 20195 3359.2 2542.2
Display Impression Type 2 109.7 195.77 10523 5410.5
Display Impression Type 3 87430 73361 325912 64341

Display Impression Type 4 0 0 10820 8353.1
Display Impression Type 5 2434  1555.6 17553 5236.4
Display Click Type 1 22,5 9.0093 30.923 20.694
Display Click Type 2 0 0 10.692 4.3471
Display Click Type 3 14.8 12173 75.308 18.154
Display Click Type 4 0 0 14.154 7.1513
Display Click Type 5 1.3 1.567  5.2308 3.7893
Email Sent Type 1 46040 12740 73200 16288
Email Sent Type 2 1904.6 22459 2993 1854.3
Email Sent Type 3 28112 12708 22334 4065

Email Sent Type 4 8330.2 2574.3 64419 2370.8
Email Open Type 1 38864 8486.2 51336 11264
Email Open Type 2 1408.9 1703  1239.8 967.05
Email Open Type 3 28806 10382 17892  3482.7
Email Open Type 4 6561.8 2325.8 3864.9 1171.3
Email Click Type 1 2993.4 866.47 3073.8 1020.1
Email Click Type 2 57.5  95.328 40.154 30.315
Email Click Type 3 2147.3 646.92 1001.3 301.66
Email Click Type 4 395.1 178.52 143 67.012

Paid Search Click Type 1 857.8 259.66 987.92 188.41
Paid Search Click Type 2 428.2  249.81 196.38  47.1

Paid Search Click Type 3 316 30.203 656.15 82.248
Paid Search Click Type 4 123 45.736 79.923  20.87

Paid Social Impression 3001.7 3792.8 0 0

Paid Social Click 7.8 7.2234 0 0

Owned Social Click 145  42.716 101.31 54.116

Earned Social Click 466.2 91.576 209.46 72.294

Paid Affiliate Click 0 0 142.62 126.49
9
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Figure 1: Month-by-month sales counts for Period 1 (blue).
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Figure 2: Month-by-month sales counts for Period 2 (green).
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y(t + 1) for all months ¢ in the data period. For both managerial and empirical reasons, as
detailed in Section 3, we consider the lagged specification the most appropriate to capture
the effect of marketing efforts on sales in this study.

Directly predicting exact sales levels is challenging with short, aggregated, and noisy
data. As we will later demonstrate, single-stage methods, such as classical regressions or
more flexible machine learning models, struggle to capture stable relationships in this setting.
To address this challenge, we formulate the prediction task in two stages. First, we focus on
an intermediate goal of predicting sales directionality, i.e., whether next month’s sales will be
higher or lower than this month’s, before calibrating those predictions into actual sales. This
step is particularly useful in a cookie-free environment, where marketing managers can use
our model to assess whether their campaigns are moving performance in the right direction.
Second, the directional accuracy model is linearly calibrated to predict sales, to recover sales
forecasts while preserving directional accuracy.

This hybrid directionality-regression model is illustrated in Figure 3 and detailed in the
rest of this section. More specifically, Section 4.1 describes the model configuration and

Section 4.2 describes the training procedure.

4.1 Model Configuration

The foundation of the two-step model is a pairwise ranking model that predicts sales di-
rectionality from touchpoint counts. Let x),x® and y®,y® denote two arbitrary in-
put/output pairs, where x( € R3! are touchpoint counts in month i and y®* € R* are
the corresponding sales in month ¢ + 1. The model compares these two inputs and pre-

dicts whether sales are expected to rise, fall, or remain the same. Formally, we model the

11
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Figure 3: Diagram of the Proposed Hybrid Directionality-Regression Model
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directionality with a function D : R3*2 — {—1,0,1} given by

(

D, x) = sgn (S () =8 (xV)) ~ 40 if y® =y @

where S : R3 — R is a constituent scorer model that assigns a real-valued score to each
input. Given real-valued scores for the two inputs being compared, the sign of their difference
indicates whether sales following x(®) are predicted to be lower, the same, or higher than
those following x().

For the scorer model S, we use gradient boosted trees (GBTs), in particular XGBoost,
(Chen and Guestrin 2016), which build a sequence of decision trees to score touchpoint
counts. GBTs are well suited for this setting because they are robust with respect to small
training data and have deterministic and therefore reproducible training. In general, choices
for S range from linear models to deep neural networks and in between, and ultimately
depend on the dataset and application in question.

Additionally, the scorer model S can also serve as the basis for our ultimate regression
goal. The outputs of S are real-valued and represent whether touchpoint patterns are asso-
ciated with higher or lower sales in the next month (e.g., if S(x®) > S(x) then the model
predicts y® > y(1)). However, these scores from S are only ordinal and are not directly
related to sales magnitudes. Therefore, an additional step must be taken to build such a
relationship while maintaining the directionality of the prediction. In this study, we use a

linear calibration step, learning scalar coefficients a and b such that

13
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for all pairs. Together, the pairwise ranking stage in Equation (2) and the linear calibration
in Equation (3) form the hybrid directionality-regression model in Figure 3 and the training

procedure is described in Section 4.2.

4.2 Training

Training the hybrid model proceeds in two stages that mirror its configuration. We first
estimate the pairwise ranking component to capture sales directionality, and then calibrate
the resulting scores to observed sales counts.

The data described in Section 3 is first divided into training and testing sets. Data Period
1 contains 13 input-output pairs, and Period 2 contains 10 pairs. In each of the two data
periods, we choose the first 5 input/output pairs to form the training set, with the remainder
reserved for testing. Specifically, in Period 1, although 13 months are available, the lagged
setup yields 12 usable input—output pairs. With 5 pairs allocated to training, the model is
evaluated on the remaining 7 test months. Likewise, Period 2 spans 10 months, yielding 9
input-output pairs - 5 pairs for training and 4 pairs for testing.

These training data elements are then combined into all possible unordered pairs (i.e.,
input/output pair 1 with input/output pair 2, input/output pair 1 with input/output pair
3, and so on). With 5 training pairs per period, this yields (‘;’) = 10 training samples for
each period. It is worth reiterating that this is an extremely limited amount of data with
which to train a generalizable model.

The directionality scorer model S(-) is then trained to assign higher scores to inputs
associated with higher sales. Formally, this is achieved by minimizing the pairwise logistic

loss (Burges et al. 2005):

arg m@in Z log [1 + P x2:6) (4)

over the training set, where © represents the parameterization (in this case, tree structure)

14
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of the constituent scorer model S. This pairwise logistic loss function smoothly penalizes the
model whenever it ranks items in the wrong order, while rewarding large score differences
in the correct direction. The deterministic LambdaMART optimization algorithm (Burges
2010), which is well-suited for ranking tasks, is used to minimize the loss.

Once the directionality model has been trained, we proceed to the calibration stage. Here,
the scores produced by Equation (2) are mapped to sales using a linear regression model in

Equation (3). Specifically, we minimize:

a,b -
i

arg min {Z [y — (a-S(x") + b)]2} (5)

over all training input/output pairs. This step anchors the ordinal information from the
score-ranking stage onto the sales scale, ensuring that predictions capture both relative
changes and absolute magnitudes.

Together, these two stages produce a hybrid model that leverages the relative predictabil-

ity of sales directionality while still delivering actionable forecasts in terms of sales levels.

5 Predictive Performance

To demonstrate the enhanced predictive performance of our proposed hybrid directional-
regression model, it undergoes comparative analysis against a broad set of established re-
gression models: linear regression, Gaussian process regression, and multilayer perceptron
(neural networks). Additionally, it was tested against state-of-the-art ensemble tree-based
classifiers such as bagging, random forest, AdaBoost, and gradient boosting. Details of these
standard methods can be found in Hastie et al. (2009). The implementation of these com-
peting models was performed according to Pedregosa et al. (2011). Identical training and
test data are used to ensure comparability.

Because our framework emphasizes directional accuracy as an intermediate predictive

goal, we note that this metric is not commonly reported in the marketing modeling literature.

15
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While analogous measures have been used in forecasting and financial prediction contexts,
they have not typically been applied in studies of consumer purchase journeys or marketing
mix models. To provide a fair comparison, we compute the directional accuracy for all
benchmark regression models in addition to the conventional regression metrics, such as R?,
mean absolute error (MAE), and mean squared error (MSE). This allows us to evaluate
both whether models capture the direction of sales movements and whether they accurately
predict magnitudes.

Tables 2 and 3 present the accuracy metrics for our proposed model versus the benchmark
models in Periods 1 and 2, respectively. Meanwhile, Figures 4 and 5 display sales predictions
for our proposed model and the aforementioned benchmark models, using Period 1 and

Period 2, respectively.

Table 2: Accuracy Metrics for All Models For Period 1

Period 1 Directional Accuracy R? MAE MSE
Our Model 0.857143 0.165042 6.256816 56.77715
Linear Regression 0.428571 -8.302473  21.159179  632.5682
Gaussian Process 0.000000 -0.494706  8.950000  101.640000
Neural Network 0.142857 -0.473888  8.919137  100.224353
Random Forest 0.714286 -0.502312  9.083750  102.157237
Bagging 0.285714 -2.287629  12.462500 223.558750
AdaBoost 0.000000 -0.702206  9.750000  115.750000
Gradient Boost 0.571429 0.005039  7.130799  67.657340

Note: Bold indicates the best performance in each column.

Table 3: Accuracy Metrics for All Models For Period 2

Period 2 Directional Accuracy R? MAE MSE

Our Model 0.75 -0.725445  15.318771  299.123108
Linear Regression 0.75 -16.643235  51.821152  3058.631143
Gaussian Process 0.00 -0.051915  11.880000 182.360000
Neural Network 0.75 -43.516697  83.533825  7717.414634
Random Forest 0.75 0.107104 11.266000 154.792380
Bagging 0.25 -0.648419  16.180000  285.770000
AdaBoost 0.25 0.021689  10.800000 169.600000
Gradient Boost 0.25 -0.556795  14.722078  269.886024

Note: Bold indicates the best performance in each column.

16
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Beginning with Period 1 in Table 2, our hybrid model achieves the strongest performance
across all evaluation criteria. It attains the highest directional accuracy, correctly predicting
6 out of 7 sales transitions. Furthermore, the linear calibration works quite well in pulling
values toward the training sales trend in this case, yielding the highest R? value (0.165)
among all models, as well as the lowest MAE and MSE values. By contrast, most benchmark
models fail to capture the underlying dynamics. Their predictions in Figure 4 are largely
flat around the sample mean, with the exception of linear regression and bagging, yielding at
best R? ~ 0, despite small fluctuations. In particular, linear regression and bagging generate
higher-variance predictions that deviate substantially from observed sales without improving
accuracy, resulting in highly negative R? values.

These comparisons underscore the value of our two-step design, which not only detects the
correct direction of sales changes but also translates those signals into accurate magnitude
forecasts when sufficient data are available. In contrast, directly fitting sales levels from
aggregate touchpoints with a single-stage model either collapses toward the mean or overfits
noise.

In Period 2, since there are only 5 months in the prediction period, there are only 4
“transitions.” Our hybrid model achieves a directional accuracy of 3 out of 4, or 0.75,
tied for the highest directional accuracy with linear regression, multilayer perceptron (or
neural networks), and random forest models. By contrast, other benchmark models, such as
Gaussian Process, Bagging, AdaBoost, and Gradient Boosting, perform poorly, with only 0
or 1 correct predictions out of 4.

Despite being the only method that clearly predicts the correct “shape” of the sales
trajectory, as shown in Figure 5, the linear calibration is not sufficient here, and our model
does not achieve a positive R?. This outcome reflects a structural mismatch: the slope
and intercept estimated from the training months differ significantly from the sales trend in
the testing months, limiting the ability of a simple linear mapping to recover magnitudes.

In terms of regression outputs, the statistically best comparative model was the random

17

Marketing Science Institute Working Paper Series



Figure 4: Sales Predictions for All Models — Period 1
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Figure 5: Sales Predictions for All Models — Period 2
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forest, which had R? = 0.107, suggesting alternative scoring or calibration functions may
offer advantages in contexts where underlying sales trends shift. Our main takeaway is that
while directional signals remain reliable even with very limited data, translating them into
precise sales forecasts may require more flexible calibration techniques.

Taken together, the results across the two evaluation periods highlight both the strengths
and the boundaries of our approach. When a richer set of training data is available, as in
Period 1, the hybrid model clearly outperforms established alternatives in terms of both
directionality and regression fit. In shorter and noisier windows such as Period 2, the model
continues to provide robust directional signals, but calibration to sales magnitudes becomes
more challenging. This is not surprising given that the analysis is conducted on very short
periods of aggregate monthly data, where trends may shift between training and testing pe-
riods and individual-level variation is unobserved. These findings highlight our central claim:
relative changes in sales are more predictable than absolute levels, and a two-step frame-
work that first models directionality provides a robust foundation for marketing prediction

in data-constrained, cookie-free environments.

6 Discussion

The linear calibration step of our framework rescales the raw ranking scores into the sales
scale, producing estimated coefficients for both slopes and intercepts. However, these coef-
ficients should not be over-interpreted. Since the raw ranking scores have no natural units,
the slope and intercept serve only to map relative rankings onto the observed sales levels.
For reference, the estimated slopes were 5.994 in Period 1 and 8.339 in Period 2, with cor-
responding intercepts around 86.9 and 80.6, respectively. These values confirm that our
calibration effectively aligns model outputs with sales but do not carry behavioral meaning
in the way coefficients from a classical MMM regression might. The interpretive value of our

framework lies instead in the directional predictions and the attribution diagnostics provided
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by Shapley analysis, as discussed in this section.

Figures 6 and 7 illustrate these diagnostics for Period 1 and Period 2, respectively. Each
beeswarm plot shows how the framework attributes predictive contributions across touch-
point types, with each dot representing one month in the testing period. The horizontal
position reflects the Shapley value for a given touchpoint type, with points to the right in-
dicating positive contributions to predicted sales and points to the left indicating negative
contributions. Touchpoints are ordered vertically by overall importance, so those at the
top have the largest average impact across months. The color of each dot corresponds to
the relative magnitude of that touchpoint in a given month, with higher counts colored red
and lower counts in blue. Interpreting these plots, therefore, involves examining both which
touchpoints consistently show influence and whether higher or lower intensities of activity
are associated with stronger predicted outcomes.

In our aggregate setting, many touchpoints appear relatively uninformative, with Shap-
ley values clustering near zero. This outcome reflects both the limited data available within
each period (only five training months) and the fact that not all touchpoints carry incre-
mental predictive power in every window. By contrast, prior work using disaggregated data
(Churchill et al. 2024) shows that Shapley analyses can recover richer and more granular
patterns of touchpoint influence when longer histories and user-level variation are available.
Our results thus offer a complementary view: in environments where only aggregate data
can be used, the model highlights the subset of touchpoints that consistently contribute,
while existing disaggregate models can be applied when user-level records are accessible. In
either case, the Shapley plots make the filtering process explicit and transparent, offering
managers a clear view of which activities emerge as meaningful within the data at hand.

It is not surprising that the two periods yield somewhat different attribution patterns.
As Figures 1 and 2 already demonstrate, the firm deployed distinct marketing mixes in these
windows, and user populations or market conditions may also have shifted. Consequently,

some discrepancies are expected.
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Figure 6: Beeswarm Plot of Shapley Values in Period 1
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Figure 7: Beeswarm Plot of Shapley Values in Period 2
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In terms of vertical order, the top five touchpoints in Period 1 are Owned Social Click,
Display Click Types 1, 4, and 5, and Earned Social Click. In period 2, three of these
touchpoint types remain among the top 5 most influential. However, Display Click Type 4
is not observed in Period 2, while Display Click Type 5 drops to the bottom of the ranking.

Regarding horizontal distribution, Owned Social Click appears to be negatively associated
with sales in Period 1 but positively associated in Period 2. Meanwhile, Display Click Types
1, 4 and 5 are all positively associated with sales in Period 1, but not in Period 2. Earned
Social Click remains positive in both periods. However, it also shows different horizontal
patterns. In Period 1, its Shapley values are more tightly clustered near zero, while in Period
2, more dots shift to the right, suggesting a stronger positive association with predicted sales
in that window. Such shifts should not be interpreted as contradictions, but rather as
reflections of changing strategic emphasis and consumer response. In this aggregate, short-
horizon setting, Shapley values are best interpreted qualitatively: they highlight recurring
directional patterns rather than providing stable elasticities of the kind sometimes extracted
from long-horizon MMMs. Importantly, the results remind managers not to over-interpret
short-run fluctuations but to focus on signals that recur across campaigns and contexts.

Overall, the Shapley analysis should be seen as illustrative. It shows how the proposed
two-stage framework not only enhances directional prediction in noisy, aggregate data but
also provides transparency into which touchpoints matter most in a given period. Even when
individual signs fluctuate, the model reliably separates signal from noise, offering managers
a practical tool for prioritizing channels and avoiding overinvestment in those with little

incremental impact.

7 Conclusion and Future Research
This paper develops a two-stage framework for marketing mix modeling under aggregate data

constraints, motivated by the deprecation of user-level tracking and the growing reliance on
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privacy-first analytics. The framework combines a pairwise ranking stage to capture sales
directionality with a calibration step that maps these ordinal signals to the sales scale. By
emphasizing directionality first, the model provides managers with a reliable diagnostic of
whether marketing activities are moving sales in the right direction, while also yielding
forecasts that can inform planning and resource allocation.

The empirical application uses proprietary data from a global software firm, comprising
31 distinct touchpoint types tracked monthly across two continuous periods. This setting re-
flects the challenges managers face in practice: data are high-dimensional, imbalanced across
channels, and available only in aggregate form due to privacy and reporting constraints. The
two-stage model is well suited to this environment. In Period 1, it achieved the highest direc-
tional accuracy (6 of 7 transitions correctly predicted) and produced the best calibration to
sales magnitudes. In Period 2, where sales trends shifted more sharply, the model continued
to deliver reliable directional signals, though calibration to absolute levels was more difficult.
These findings highlight both the promise and the boundary conditions of the framework:
relative changes in sales are more predictable than absolute levels when working with short,
noisy aggregate data.

Building on this predictive core, the Shapley analyses illustrate how the framework
can be made interpretable. Even with limited training horizons, the plots highlight which
touchpoints consistently contribute and which appear redundant, allowing managers to filter
through complexity and focus on channels that matter most. In this way, the framework
provides not only stronger forecasts but also transparent diagnostics, helping firms better
understand the role of different touchpoints in shaping outcomes. Together, these results
suggest that the two-stage model offers a flexible measurement tool that adapts to different
levels of data availability while remaining predictive and interpretable.

Several avenues remain open for future research. First, alternative calibration functions,
such as nonlinear mappings or Bayesian shrinkage, could improve the translation of rank-

ing signals into sales magnitudes, especially when underlying trends shift across training and
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testing periods. Second, future work might integrate additional firm-owned (first-party) data
sources, which could enhance model performance while remaining consistent with privacy-
first principles. Third, researchers could investigate how aggregate-level modeling might be
combined with selective user-level experiments to balance privacy protection with predictive
precision. Finally, although we focused on monthly aggregation to align with managerial de-
cision cycles, testing the framework at weekly or quarterly resolutions could provide insights

into temporal granularity and stability.
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