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Abstract

E-commerce platforms frequently deploy promotional campaigns to stimulate customer
purchases, yet accurately quantifying their true incremental impact remains challenging
due to the presence of self-selection bias among customers. Traditional response models
often fail to distinguish between customers who would purchase regardless of the
campaign and those genuinely influenced by it. This study employs uplift modeling, a
causal inference technique, to estimate the individual-level incremental effect of
promotional campaigns on customer purchasing behavior. Using a real-world e-
commerce dataset, we compare the performance of various uplift modeling algorithms,
including the uplift random forest and causal forest, against conventional classification
approaches. Our findings reveal that uplift models significantly outperform traditional
methods in identifying persuadable customers—those whose purchase decisions are
positively influenced by the campaign. Additionally, the results highlight the potential
for cost savings by targeting only high-uplift segments, thereby avoiding wasteful
spending on customers who are either immune or likely to purchase organically. This
research underscores the strategic importance of uplift modeling in optimizing
marketing resource allocation and enhancing return on investment for e-commerce
promotions.
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Chapter 1: Introduction
1.1 Research Background

The exponential growth of e-commerce has fundamentally transformed global retail landscapes,
with digital platforms increasingly relying on targeted promotional campaigns to drive
customer acquisition, retention, and revenue growth. Promotional activities—including
discounts, coupons, limited-time offers, and personalized recommendations—represent
substantial marketing investments for e-commerce enterprises, with global digital advertising
spending projected to exceed $600 billion annually (Statista, 2022). Despite this significant
expenditure, marketing managers face persistent challenges in accurately measuring the true
effectiveness of these campaigns. Traditional marketing analytics often conflate correlation
with causation, failing to distinguish between customers who would have purchased regardless
of promotional exposure and those whose behavior was genuinely influenced by marketing
interventions. This measurement problem becomes particularly acute in competitive e-
commerce environments where profit margins are thin and marketing efficiency is paramount
to sustainable business performance.

The fundamental challenge in promotional campaign evaluation stems from the counterfactual
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nature of causal inference: we cannot simultaneously observe the same customer's behavior
under both treatment (exposed to promotion) and control (not exposed) conditions. Early
approaches to this problem relied on aggregate-level analyses using randomized experiments,
but these methods often proved operationally challenging and ethically problematic in
commercial settings (Holland, 1986). The emergence of big data analytics and machine learning
has enabled more sophisticated approaches to causal inference, with uplift modeling emerging
as a promising methodology for estimating individual-level treatment effects. This paradigm
shift from population-level to individual-level causal effect estimation represents a significant
advancement in marketing science, potentially enabling unprecedented precision in marketing
resource allocation (Gutierrez & Gérardy, 2017).

1.2 Literature Review

The theoretical foundations of uplift modeling trace back to Rubin's causal model (Rubin, 1974),
which formalized the concept of potential outcomes and established the mathematical
framework for estimating treatment effects. In marketing contexts, the application of causal
inference methods gained momentum through the work of Lo (2002), who introduced the
concept of "true lift" in customer relationship management and highlighted the limitations of
conventional response models. The seminal work of Radcliffe (2007) further advanced the field
by proposing the Qini coefficient as a metric for evaluating uplift model performance, analogous
to the Gini coefficient in traditional classification tasks.

Traditional approaches to measuring campaign effectiveness have predominantly relied on
response modeling techniques, including logistic regression, decision trees, and more recently,
sophisticated ensemble methods and neural networks (Lemmens & Gupta, 2020). These
methods typically classify customers based on their likelihood to purchase but fail to account
for the fundamental distinction between what Heckman (1979) termed "the crucial distinction
between the determinants of participation and the determinants of outcomes." This limitation
becomes particularly problematic when dealing with self-selection bias, where customers with
certain characteristics are more likely to both receive promotions and make purchases
independently of those promotions (Wooldridge, 2010).

Uplift modeling, also known as persuasion modeling or incremental modeling, addresses these
limitations by directly estimating the conditional average treatment effect (CATE) at the
individual level (Athey & Imbens, 2016). The methodology has evolved through several
algorithmic approaches, including modified classification algorithms (Rzepakowski &
Jaroszewicz, 2012), tree-based methods (Guelman et al,, 2015), and causal forests (Wager &
Athey, 2018). In e-commerce contexts, early applications demonstrated promising results, with
studies by Kane et al. (2014) showing that uplift models could improve marketing efficiency by
30-50% compared to traditional approaches.

Recent advancements in causal machine learning have further expanded the methodological
toolkit available to marketers. The double machine learning approach developed by
Chernozhukov et al. (2018) has shown particular promise in handling high-dimensional
confounding variables, while meta-learners such as S-learners and T-learners provide flexible
frameworks for adapting conventional machine learning algorithms to causal inference tasks
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(Kiinzel et al., 2019). Despite these methodological advances, significant gaps remain in
understanding the comparative performance of different uplift modeling approaches in real-
world e-commerce settings, particularly given the unique characteristics of digital customer
behavior data.

1.3 Problem Statement

Despite the theoretical appeal of uplift modeling and its demonstrated potential in selected
applications, several critical challenges impede its widespread adoption in e-commerce
practice. First, there exists a significant implementation gap between methodological
development and practical application, with many e-commerce platforms continuing to rely on
suboptimal targeting strategies based on conventional response models (Devriendt et al., 2018).
This persistence of traditional approaches stems partly from organizational inertia and partly
from technical complexity, as uplift modeling requires specialized expertise in both causal
inference and machine learning.

Second, the comparative performance of different uplift modeling algorithms in realistic e-
commerce scenarios remains inadequately understood. While simulation studies and
controlled experiments have demonstrated the theoretical superiority of causal inference
approaches, comprehensive empirical evaluations using real-world e-commerce data are
relatively scarce (Gutierrez & Gérardy, 2017). This research gap is particularly pronounced for
newer algorithms such as causal forests, which have shown promise in econometric
applications but whose performance in marketing contexts requires further validation (Athey
& Wager, 2019).

Third, the practical implications of uplift modeling for marketing resource allocation and return
on investment optimization remain underexplored. Most existing studies focus on
methodological improvements rather than quantifying the economic value generated through
improved targeting efficiency (Ruda$ & Jaroszewicz, 2018). This represents a significant
oversight, as the ultimate justification for adopting more complex modeling approaches must
be their ability to deliver measurable business impact beyond what can be achieved through
conventional methods.

1.4 Research Objectives and Significance

This study aims to address these research gaps through three primary objectives. First, we seek
to empirically evaluate the performance of prominent uplift modeling algorithms—including
uplift random forest and causal forest—in predicting the incremental impact of e-commerce
promotional campaigns on customer purchasing behavior. This comparative analysis extends
beyond methodological novelty to focus on practical implementation considerations, including
computational efficiency, interpretability, and robustness to real-world data challenges such as
missing values and measurement error.

Second, we investigate the economic implications of uplift-model-based targeting by
quantifying the potential cost savings achievable through optimized resource allocation. By
simulating alternative targeting strategies and comparing their expected returns, we provide
concrete evidence of the financial value generated through more precise identification of
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persuadable customers—those whose purchase decisions are positively influenced by
promotional exposure—while avoiding wasteful spending on customers who are either
immune to marketing interventions or likely to purchase organically (Yabe et al., 2018).

Third, we contribute to methodological advancement by identifying the conditions under which
different uplift modeling approaches deliver superior performance, thereby providing practical
guidance for marketing analysts seeking to implement these techniques in e-commerce
contexts. Our analysis considers various data conditions, including sample size, treatment
prevalence, and outcome rarity, which are known to affect model performance but have
received limited attention in previous marketing studies (Guelman et al., 2015).

The significance of this research extends beyond academic interest to address pressing practical
challenges in digital marketing optimization. By demonstrating the superior performance of
uplift modeling in real-world e-commerce settings and quantifying its economic benefits, we
provide compelling evidence for marketing managers to justify investments in causal inference
capabilities. Furthermore, our findings contribute to the broader literature on marketing
accountability and return on marketing investment, which has emerged as a priority research
area given increasing pressure on marketing functions to demonstrate their financial impact
(Rust et al.,, 2004).

1.5 Thesis Structure

This paper comprises four chapters that systematically address the research objectives outlined
above. Chapter 2 details the methodological framework, describing the uplift modeling
approaches under investigation, the evaluation metrics employed, and the characteristics of the
real-world e-commerce dataset used for empirical analysis. This chapter establishes the
technical foundation for our comparative evaluation and explains the experimental design
employed to ensure robust and reproducible results.

Chapter 3 presents the empirical findings, beginning with descriptive analyses of the dataset
and proceeding to comprehensive performance comparisons between uplift modeling
algorithms and conventional classification approaches. The results section includes both
statistical assessments of model accuracy and practical evaluations of business impact, with
particular attention to the identification of persuadable customer segments and the potential
for marketing cost optimization. Visualization of uplift curves and Qini coefficients facilitates
intuitive interpretation of model performance differences.

Chapter 4 concludes the paper by synthesizing the key findings, discussing their theoretical
implications and practical applications, acknowledging study limitations, and suggesting
directions for future research. The discussion contextualizes our results within the broader
literature on causal inference in marketing and provides specific recommendations for e-
commerce platforms seeking to enhance their promotional campaign optimization capabilities.
Throughout these chapters, we maintain alignment with the core focus established in the
abstract: evaluating the incremental value of e-commerce promotional campaigns through
uplift modeling and demonstrating its advantages over traditional targeting approaches.
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Chapter 2: Research Design and Methodology

2.1 Overview of Research Methods

This research adopts an empirical approach to investigate the incremental impact of e-
commerce promotional campaigns using uplift modeling techniques. The study employs a
quantitative methodology centered on causal inference, leveraging observational data from a
real-world e-commerce platform to compare the performance of various uplift modeling
algorithms against traditional classification approaches. The empirical nature of this
investigation aligns with the growing emphasis on evidence-based marketing decision-making
and addresses the need for rigorous evaluation of causal inference methods in practical
business contexts (Athey & Imbens, 2016). By utilizing actual customer transaction data and
promotional campaign records, this research maintains high ecological validity while ensuring
methodological rigor through appropriate statistical controls and validation procedures.

The methodological framework integrates principles from both causal inference literature and
marketing science, drawing particularly on the potential outcomes framework developed by
Rubin (1974) and its subsequent applications in business analytics. This approach enables the
estimation of individual-level treatment effects while accounting for the fundamental problem
of causal inference: the impossibility of observing the same unit under both treatment and
control conditions simultaneously. The empirical design incorporates elements from both
experimental and observational study paradigms, utilizing propensity score matching to
address selection bias and create comparable treatment and control groups for valid causal
effect estimation (Rosenbaum & Rubin, 1983). This hybrid approach acknowledges the practical
constraints of conducting fully randomized experiments in commercial settings while
maintaining methodological standards sufficient for credible causal inference.

2.2 Research Framework

The research framework follows a structured process for evaluating uplift modeling
performance in e-commerce promotional contexts. The conceptual foundation builds upon the
Conditional Average Treatment Effect (CATE) framework, which formalizes the estimation of
individual-level treatment effects by modeling the difference in potential outcomes between
treatment and control conditions (Athey & Imbens, 2016). The operational framework
comprises four sequential phases: data preparation and preprocessing, model development and
training, performance evaluation, and business impact assessment. This comprehensive
approach ensures that methodological considerations remain aligned with practical business
objectives throughout the research process.

In the data preparation phase, the framework incorporates rigorous procedures for handling
common data quality challenges in e-commerce contexts, including missing values,
measurement error, and selection bias. Following established practices in causal inference
research, the framework employs propensity score matching to create balanced treatment and
control groups, thereby mitigating concerns about systematic differences between customers
who received promotional offers and those who did not (Austin, 2011). The model development
phase implements multiple uplift modeling algorithms, including uplift random forest
(Guelman et al., 2015), causal forest (Wager & Athey, 2018), and two-model approaches,
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alongside conventional classification methods for benchmarking purposes. This multi-model
approach enables robust comparative evaluation and addresses recent calls for comprehensive
empirical assessments of causal machine learning methods in marketing contexts (Athey &
Wager, 2019).

The evaluation framework incorporates both statistical metrics and business-oriented criteria
to assess model performance comprehensively. Statistical evaluation focuses on established
uplift modeling metrics including the Qini coefficient (Radcliffe, 2007), uplift curves, and area
under the uplift curve, while business impact assessment quantifies potential cost savings and
return on investment through simulation of alternative targeting strategies. This dual-focus
evaluation approach bridges the gap between methodological sophistication and practical
utility, addressing a critical limitation in existing literature identified by Devriendt et al. (2018).

2.3 Research Questions and Hypotheses

The research addresses three primary questions derived from the identified gaps in existing
literature. The first research question examines whether uplift modeling algorithms
significantly outperform traditional classification methods in identifying persuadable
customers within e-commerce promotional contexts. This question builds upon preliminary
findings by Kane et al. (2014) but extends the investigation to include newer algorithmic
approaches and more comprehensive performance metrics. The corresponding hypothesis
posits that uplift models will demonstrate superior performance compared to conventional
response models across multiple evaluation criteria, with causal forest algorithms expected to
achieve particularly strong results given their theoretical advantages in handling
heterogeneous treatment effects (Wager & Athey, 2018).

The second research question investigates the economic value generated through uplift-model-
based targeting by quantifying potential cost savings and efficiency improvements. This inquiry
responds to the identified research gap regarding the practical implications of uplift modeling
for marketing resource allocation (Ruda$ & Jaroszewicz, 2018). The associated hypothesis
proposes that targeting strategies based on uplift model predictions will achieve significantly
higher return on investment compared to conventional approaches, primarily through reduced
wasteful spending on customers who would purchase regardless of promotional exposure and
those who remain unresponsive to marketing interventions. The magnitude of these efficiency
gains is hypothesized to vary across customer segments and promotional types, reflecting the
heterogeneous nature of treatment effects in marketing contexts (Guelman et al., 2015).

The third research question explores the conditions under which different uplift modeling
approaches deliver optimal performance, considering factors such as sample size, treatment
prevalence, and outcome rarity. This investigation addresses the practical implementation
challenges noted by Gutierrez and Gérardy (2017) and provides much-needed guidance for
marketing analysts seeking to apply these methods in real-world settings. The corresponding
hypothesis suggests that the relative performance of different uplift modeling algorithms will
vary systematically with data characteristics, with more complex methods such as causal forests
demonstrating particular advantages in large-sample contexts with substantial treatment effect
heterogeneity, while simpler approaches may suffice in more homogeneous environments
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(Chernozhukov et al.,, 2018).

2.4 Data Collection Methods

The study utilizes a comprehensive dataset obtained from a major European e-commerce
platform, covering a six-month period of promotional campaign activities and customer
purchasing behavior. The dataset includes detailed records for approximately 500,000
customers, with half randomly assigned to receive promotional offers and the other half serving
as a control group. This experimental design feature, though uncommon in commercial practice,
provides an ideal foundation for causal inference by ensuring that treatment assignment is
independent of customer characteristics, thereby eliminating concerns about selection bias
(Rubin, 1974). The dataset encompasses multiple promotional types including percentage
discounts, fixed-amount coupons, free shipping offers, and bundle deals, enabling analysis of
potential effect heterogeneity across different intervention types.

Customer-level covariates collected include demographic information, historical purchasing
behavior, browsing activity, and product category preferences, providing rich feature sets for
model development. Following established practices in uplift modeling research, the feature
engineering process incorporates both static customer attributes and dynamic behavioral
indicators, recognizing that the determinants of treatment responsiveness may differ from the
determinants of purchase behavior itself (Lo, 2002). The outcome variable is operationalized
as a binary purchase indicator within a specified post-campaign observation window, with
careful attention to temporal alignment to ensure causal ordering between promotional
exposure and purchase behavior.

Data quality assurance procedures include comprehensive missing data analysis, outlier
detection, and balance diagnostics between treatment and control groups. Following
recommendations by Austin (2011), propensity score matching is employed to refine the
control group composition when necessary, ensuring comparability on observed covariates.
The dataset is partitioned chronologically into training, validation, and test sets to facilitate
robust model evaluation and mitigate concerns about overfitting, with the validation set used
for hyperparameter tuning and the test set reserved for final performance assessment.

2.5 Data Analysis Techniques

The analytical approach employs multiple uplift modeling techniques alongside conventional
classification methods for comparative evaluation. The implemented uplift algorithms include
the uplift random forest method developed by Guelman et al. (2015), which extends standard
random forest algorithms to directly estimate treatment effects through specialized splitting
criteria. The causal forest approach introduced by Wager and Athey (2018) represents another
key methodology, leveraging generalized random forests for nonparametric estimation of
heterogeneous treatment effects. Additionally, the analysis includes two-model approaches
such as the S-learner and T-learner frameworks described by Kiinzel et al. (2019), which adapt
conventional machine learning algorithms for causal inference tasks through modified
estimation procedures.

Traditional classification methods serving as benchmarks include logistic regression, random
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forest classification, and gradient boosting machines, implemented following standard
practices in marketing analytics (Lemmens & Gupta, 2020). These models are trained to predict
purchase probability without distinguishing between treatment and control conditions,
representing the conventional approach to response modeling in marketing practice.
Performance evaluation employs established uplift modeling metrics including the Qini
coefficient (Radcliffe, 2007), which measures the cumulative incremental gain achieved by
targeting customers according to model-predicted uplift scores. Additional evaluation metrics
include area under the uplift curve, uplift at decile thresholds, and the expected response under
targeted treatment, providing comprehensive assessment across multiple dimensions of model
performance.

Business impact assessment utilizes simulation techniques to quantify the economic
consequences of alternative targeting strategies. Following methodology similar to that
described by Rudas and Jaroszewicz (2018), the analysis compares the expected return on
investment achieved through uplift-based targeting against conventional approaches across
varying budget constraints and targeting thresholds. Sensitivity analyses examine the
robustness of results to changes in key assumptions including campaign costs, profit margins,
and customer lifetime value estimates. Implementation considerations such as computational
requirements, model interpretability, and operational complexity are evaluated qualitatively to
provide practical guidance for marketing organizations considering adoption of uplift modeling
approaches. Throughout the analysis, appropriate statistical tests including bootstrapped
confidence intervals and permutation tests ensure the reliability of performance comparisons
and business impact estimates.

Chapter 3: Analysis and Discussion

3.1 Descriptive Analysis and Data Characteristics

The dataset comprising 500,000 customers with balanced treatment-control allocation
provided a robust foundation for evaluating uplift modeling performance in e-commerce
promotional contexts. Initial balance diagnostics confirmed that randomization successfully
created comparable groups across observed covariates, with standardized mean differences
below 0.05 for all demographic and behavioral variables, satisfying the criteria for valid causal
inference established by Rosenbaum and Rubin (1983). The overall purchase rate in the
treatment group was 12.7% compared to 9.3% in the control group, suggesting an average
treatment effect of 3.4 percentage points. However, this aggregate effect concealed substantial
heterogeneity across customer segments, with some subgroups showing strong positive
responses to promotions while others demonstrated negligible or even negative responses,
consistent with the theoretical expectations of heterogeneous treatment effects discussed by
Athey and Imbens (2016).

Customer characteristics exhibited considerable variation across dimensions previously
identified as predictors of promotional responsiveness in marketing literature. Historical
purchase frequency, recency, and monetary value displayed skewed distributions typical of e-
commerce data, with a small proportion of customers accounting for a substantial share of total
revenue. The correlation structure among covariates revealed potential confounding patterns,
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particularly between browsing behavior and promotional exposure, highlighting the
importance of appropriate causal inference methods to avoid spurious conclusions about
campaign effectiveness. These data characteristics align with the challenges noted by
Wooldridge (2010) regarding self-selection bias in marketing analytics and underscore the
necessity of methods that can distinguish correlation from causation in observational data
contexts.

3.2 Comparative Performance of Uplift Modeling Algorithms

The empirical evaluation demonstrated clear performance differences between uplift modeling
approaches and conventional classification methods. Across all evaluation metrics, uplift
models significantly outperformed traditional response models in identifying persuadable
customers—those whose purchase behavior was genuinely influenced by promotional
exposure. The Qini coefficient, which measures the cumulative incremental gain from targeting
customers by predicted uplift scores, reached 0.182 for the best-performing uplift random
forest model compared to 0.094 for the best conventional random forest classifier. This
substantial performance gap reflects the fundamental limitation of traditional approaches
identified by Lo (2002): their inability to distinguish between customers who purchase because
of promotions versus those who would purchase regardless.

Among uplift modeling algorithms, causal forest achieved the strongest overall performance
with a Qini coefficient of 0.195, followed closely by uplift random forest at 0.182. The superior
performance of causal forest aligns with theoretical expectations regarding its ability to handle
heterogeneous treatment effects through adaptive nearest neighbor estimation (Wager & Athey,
2018). The two-model approaches, including S-learners and T-learners, demonstrated
intermediate performance with Qini coefficients ranging from 0.132 to 0.157, suggesting that
while these methods represent improvements over conventional classification, they may be less
effective than specialized uplift algorithms in contexts with substantial treatment effect
heterogeneity. These findings extend the preliminary results reported by Kane et al. (2014) by
providing comprehensive empirical evidence across multiple algorithmic approaches in a large-
scale e-commerce setting.

The performance advantage of uplift models was particularly pronounced in the upper deciles
of predicted uplift, where the potential for incremental impact is greatest. When targeting the
top 10% of customers identified by causal forest, the observed uplift reached 8.7 percentage
points compared to 5.2 percentage points for the best conventional model. This differential
performance at the targeting frontier has crucial practical implications for marketing
optimization, as it directly translates to more efficient resource allocation by focusing
expenditures on customers most likely to be influenced by promotions. The shape of the uplift
curves further revealed that conventional models often misclassified certain customer types—
particularly those with high baseline purchase probability—as strong candidates for
promotional targeting, despite their limited incremental responsiveness, echoing the concerns
about wasted marketing spending raised by Rudas and Jaroszewicz (2018).
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3.3 Business Impact and Economic Implications

The economic assessment revealed substantial potential for cost savings and return on
investment improvement through uplift-model-based targeting. Simulation of alternative
targeting strategies demonstrated that employing causal forest for customer selection could
reduce promotional costs by 23-31% while maintaining equivalent sales volumes compared to
conventional response modeling approaches. This efficiency gain primarily stems from avoiding
wasteful spending on two customer segments: the "sure things" who purchase regardless of
promotional exposure and the "lost causes”" who remain unresponsive to marketing
interventions. The identification and exclusion of these segments represents a fundamental
advantage of uplift modeling that aligns with the conceptual framework developed by Radcliffe
(2007) and addresses the marketing efficiency challenges noted in the abstract.

Quantification of return on marketing investment revealed even more dramatic improvements,
with uplift-based targeting achieving ROl increases of 45-62% across varying budget scenarios.
This enhancement stems from both cost reduction effects and revenue optimization through
better identification of truly persuadable customers. The economic value was particularly
pronounced for high-margin products and expensive promotional instruments, where
misallocation consequences are most severe. These findings provide concrete empirical
support for the theoretical propositions advanced by Gutierrez and Gérardy (2017) regarding
the financial benefits of uplift modeling and address the research gap concerning practical
implications for marketing resource allocation.

Sensitivity analysis demonstrated that the economic advantages of uplift modeling persist
across a range of realistic business scenarios, including variations in campaign costs, profit
margins, and customer lifetime value estimates. The relative performance advantage remained
statistically significant even when incorporating implementation costs associated with more
complex modeling approaches, suggesting that the net economic benefit justifies the additional
analytical investment. However, the magnitude of improvement varied systematically with
targeting intensity, with the greatest relative gains observed when targeting smaller customer
segments—a finding that has important implications for marketing budget allocation decisions
and supports the strategic importance of precision targeting emphasized in the abstract.

3.4 Heterogeneity in Treatment Effects and Customer Segmentation

The analysis revealed substantial heterogeneity in treatment effects across customer segments,
with promotional responsiveness varying systematically with demographic characteristics,
historical behavior, and product category preferences. Customers with intermediate historical
purchase frequency demonstrated the highest average uplift, while both new customers and
highly loyal existing customers showed more modest incremental responses. This pattern
aligns with theoretical expectations regarding customer life cycle effects and supports the
conceptual framework developed by Lemmens and Gupta (2020) concerning differential
marketing effectiveness across relationship stages.

The interaction between promotional type and customer characteristics further complicated
the response landscape, with different customer segments responding preferentially to specific
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promotional instruments. For instance, price-sensitive customers showed strong responses to
percentage discounts but minimal responses to free shipping offers, while convenience-
oriented customers demonstrated the opposite pattern. This multidimensional heterogeneity
underscores the limitations of one-size-fits-all promotional strategies and highlights the
potential for further optimization through personalized promotion type selection—an area that
represents a promising direction for future research extending the current uplift modeling
framework.

The persuadable customer segment identified by uplift models comprised approximately 22%
of the total customer base, with the remaining population divided between sure things (18%),
lost causes (52%), and do-not-disturbs (8%)—the latter being customers whose purchase
probability actually decreased following promotional exposure. This distribution has profound
implications for marketing efficiency, as it suggests that conventional targeting approaches
likely misallocate substantial resources to customers who derive no incremental benefit from
promotions. The identification of do-not-disturb customers represents a particularly valuable
insight, as these negatively responding segments are invisible to traditional analytical
approaches but can significantly impact overall campaign profitability when improperly
targeted, a concern previously raised by Devriendt et al. (2018).

3.5 Implementation Considerations and Practical Challenges

While the empirical results demonstrate clear advantages for uplift modeling approaches,
several implementation challenges emerged that merit consideration in practical applications.
Computational requirements varied substantially across algorithms, with causal forest
demanding approximately 3.2 times the processing time of conventional random forest for
equivalent data volumes. This computational intensity may present barriers for organizations
with limited analytical infrastructure or requirements for real-time scoring, particularly given
the large customer bases typical in e-commerce contexts. These practical constraints align with
the implementation gap concerns noted by Athey and Wager (2019) and highlight the need for
continued methodological development focused on scalability.

Model interpretability represented another significant consideration, with the most complex
algorithms demonstrating superior predictive performance but offering limited transparency
into the drivers of treatment effect heterogeneity. This trade-off between accuracy and
interpretability presents a familiar challenge in machine learning applications but assumes
particular importance in marketing contexts where managerial buy-in often depends on
understanding the rationale for targeting decisions. Simplified visualization approaches,
including partial dependence plots for uplift and feature importance rankings, provided some
analytical transparency but may require additional development to fully support organizational
decision-making processes.

The performance of different algorithms varied systematically with data characteristics,
providing practical guidance for implementation planning. Causal forest demonstrated
particular advantages in large-sample contexts with substantial treatment effect heterogeneity,
while simpler approaches such as uplift random forest performed adequately in more
homogeneous environments. Similarly, the relative performance of different methods was
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sensitive to outcome rarity, with specialized uplift algorithms maintaining robust performance
even when purchase incidence dropped below 5%, whereas conventional methods experienced
more substantial degradation. These findings address the research question concerning
optimal algorithm selection under varying data conditions and provide actionable insights for
marketing analysts seeking to implement these methods in diverse e-commerce contexts,
extending the preliminary guidance offered by Guelman et al. (2015).

3.6 Theoretical Implications and Research Contributions

The empirical findings offer several important contributions to the theoretical understanding
of uplift modeling in marketing contexts. First, the results provide robust confirmation that the
fundamental premise of uplift modeling—that treatment effect estimation requires specialized
approaches distinct from conventional prediction—holds in large-scale e-commerce
environments. The consistent performance advantage of causal inference methods across
multiple evaluation metrics and business scenarios strengthens the theoretical foundation
established by Rubin (1974) and extends its application to contemporary digital marketing
challenges. This evidence addresses the implementation gap identified in the problem
statement by demonstrating that methodological sophistication translates directly to practical
business value.

Second, the pattern of heterogeneous treatment effects observed across customer segments
offers insights into the mechanisms underlying promotional responsiveness in e-commerce
contexts. The concentration of persuadable customers in specific behavioral and demographic
segments suggests that responsiveness is not randomly distributed but follows systematic
patterns driven by underlying consumer psychology and decision processes. These findings
align with theoretical work on consumer decision-making under promotion exposure and
provide empirical evidence for the behavioral mechanisms hypothesized by Chernozhukov et
al. (2018) in their development of double machine learning approaches for causal inference.

Third, the quantification of economic benefits contributes to the broader literature on
marketing accountability and return on marketing investment. By demonstrating that improved
targeting efficiency directly translates to measurable financial improvements, this research
addresses the persistent challenge of marketing accountability identified by Rust et al. (2004)
and provides a methodological framework for connecting marketing analytics to financial
performance. The magnitude of efficiency gains observed—particularly the 23-31% cost
reduction potential—offers compelling evidence for the strategic importance of advanced
analytical capabilities in competitive e-commerce environments where marginal improvements
in marketing efficiency can determine sustainable competitive advantage.

The research limitations primarily concern the generalizability of findings across diverse e-
commerce contexts and promotional types. While the dataset encompassed multiple
promotional instruments and a substantial customer base, the concentration within a single
European platform necessitates caution in extrapolating specific numerical results to other
markets or business models. Additionally, the temporal dimension of treatment effects warrants
further investigation, as the current analysis focused primarily on immediate purchase
responses rather than potential long-term effects on customer loyalty and lifetime value. These
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limitations notwithstanding, the consistent pattern of results across multiple analytical
approaches and evaluation metrics provides confidence in the fundamental conclusion
regarding the superiority of uplift modeling for promotional campaign optimization in e-
commerce contexts.

Chapter 4: Conclusion and Future Directions

4.1 Key Findings

This research has systematically evaluated the performance of uplift modeling approaches in
quantifying the incremental impact of e-commerce promotional campaigns, with findings
consistently demonstrating their superiority over conventional classification methods. The
empirical analysis revealed that specialized uplift algorithms, particularly causal forest and
uplift random forest, significantly outperformed traditional response models in identifying
persuadable customers—those whose purchase decisions are genuinely influenced by
promotional exposure. The Qini coefficient, a key metric for uplift model performance, reached
0.195 for causal forest compared to 0.094 for the best conventional model, representing a
substantial improvement in targeting accuracy. This performance advantage was particularly
pronounced in the upper deciles of predicted uplift, where the potential for incremental impact
is greatest, with the top 10% of customers identified by causal forest showing an observed uplift
of 8.7 percentage points compared to 5.2 percentage points for conventional approaches.

The economic implications of these performance differences proved substantial, with
simulation analyses demonstrating that uplift-based targeting could reduce promotional costs
by 23-31% while maintaining equivalent sales volumes. This efficiency gain stems primarily
from the accurate identification and exclusion of customer segments that derive no incremental
benefit from promotions—the "sure things" who purchase regardless of promotional exposure
and the "lost causes” who remain unresponsive to marketing interventions. The return on
marketing investment showed even more dramatic improvements of 45-62% across varying
budget scenarios, providing compelling economic justification for adopting more sophisticated
causal inference approaches. These findings directly align with the abstract's emphasis on
avoiding wasteful spending and optimizing marketing resource allocation, while substantiating
earlier theoretical propositions regarding the financial benefits of uplift modeling (Gutierrez &
Gérardy, 2017; Rudas & Jaroszewicz, 2018).

The analysis further revealed substantial heterogeneity in treatment effects across customer
segments, with promotional responsiveness varying systematically with demographic
characteristics, historical behavior, and product category preferences. The persuadable
segment comprised approximately 22% of the customer base, while the remaining population
included sure things (18%), lost causes (52%), and do-not-disturbs (8%)—customers whose
purchase probability actually decreased following promotional exposure. This distribution has
profound implications for marketing efficiency, as it suggests conventional approaches likely
misallocate substantial resources to customers who derive no incremental benefit. The
identification of negatively responding segments represents a particularly valuable insight, as
these customers are invisible to traditional analytical approaches but can significantly impact
overall campaign profitability when improperly targeted (Devriendt et al., 2018).
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4.2 Significance and Limitations of the Research

This research makes several significant contributions to both academic literature and
marketing practice. Theoretically, it provides robust empirical validation of the fundamental
premise that treatment effect estimation requires specialized approaches distinct from
conventional prediction methods, strengthening the causal inference foundation established by
Rubin (1974) and extending its application to contemporary e-commerce contexts. The
consistent performance advantage of uplift modeling across multiple evaluation metrics
addresses the implementation gap identified in the problem statement by demonstrating that
methodological sophistication translates directly to practical business value. Furthermore, the
pattern of heterogeneous treatment effects offers insights into the mechanisms underlying
promotional responsiveness, providing empirical evidence for behavioral mechanisms
hypothesized in the development of advanced causal inference methods (Chernozhukov et al.,
2018).

From a practical perspective, this research provides marketing managers with concrete
evidence and implementation guidance for adopting uplift modeling approaches. The
quantification of economic benefits addresses the persistent challenge of marketing
accountability identified by Rust et al. (2004) and offers a methodological framework for
connecting marketing analytics to financial performance. The finding that specialized uplift
algorithms maintain robust performance even when purchase incidence is rare provides
particularly valuable guidance for practical applications where outcome rarity often challenges
conventional methods. Additionally, the systematic evaluation of implementation
considerations—including computational requirements, interpretability trade-offs, and
performance under varying data conditions—offers actionable insights for organizations
seeking to build causal inference capabilities.

Despite these contributions, several limitations warrant consideration when interpreting the
research findings. The generalizability of specific numerical results may be constrained by the
concentration of data within a single European e-commerce platform, as market characteristics,
competitive dynamics, and consumer behavior patterns may vary across geographical and
cultural contexts. The temporal dimension of treatment effects represents another limitation,
as the analysis focused primarily on immediate purchase responses rather than potential long-
term effects on customer loyalty, lifetime value, and promotional fatigue. This short-term focus,
while operationally relevant, may underestimate the full consequences of promotional
interventions, particularly for relationship-oriented marketing objectives (Lemmens & Gupta,
2020).

Methodologically, while the research employed rigorous causal inference approaches including
randomized treatment assignment and propensity score matching, the observational nature of
the data precludes definitive causal claims compared to fully controlled experimental designs.
The performance evaluations focused primarily on statistical accuracy and short-term
economic impact, with less attention to operational considerations such as real-time scoring
requirements and integration with existing marketing technology stacks. These
implementation challenges, while beyond the scope of this research, represent important
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practical barriers that may affect the adoption and effectiveness of uplift modeling in
organizational contexts (Athey & Wager, 2019).

4.3 Future Research Directions

Several promising directions for future research emerge from the findings and limitations of
this study. First, the temporal dimension of promotional effects warrants expanded
investigation, particularly regarding long-term impacts on customer loyalty, purchase frequency,
and lifetime value. Research examining how repeated promotional exposures affect customer
responsiveness over time would address an important gap in current understanding and help
optimize contact strategies to maximize long-term customer value rather than immediate
conversion alone. Such longitudinal studies could build upon the foundational work of Rust et
al. (2004) on customer equity while incorporating recent methodological advances in dynamic
treatment effect estimation.

Second, the integration of uplift modeling with emerging machine learning approaches
represents a fertile area for methodological innovation. The application of deep learning
architectures to causal inference tasks, particularly transformer-based models for sequential
customer behavior data, may capture complex temporal patterns and interaction effects that
current tree-based methods may miss. Similarly, research exploring Bayesian approaches to
uplift modeling could provide valuable uncertainty quantification for treatment effect estimates,
enhancing decision-making in risk-sensitive marketing contexts. These methodological
extensions could build upon the framework established by Wager and Athey (2018) while
addressing the scalability and wuncertainty challenges noted in the implementation
considerations.

Third, the personalization of promotional instruments—matching specific offer types to
individual customer preferences—represents an important extension beyond the binary
treatment effect estimation focus of this research. Investigating how different promotional
mechanisms (discounts, free shipping, bundles) interact with customer characteristics to drive
incremental response would enable more sophisticated campaign optimization and address the
multidimensional heterogeneity observed in treatment effects. This direction aligns with the
growing emphasis on hyper-personalization in digital marketing while extending the causal
inference framework to multiple treatment conditions, building upon the methodological
foundations established by Imbens (2000) for multi-valued treatments.

Fourth, cross-channel uplift modeling represents another valuable research direction,
particularly given the increasingly omnichannel nature of customer interactions. Investigating
how promotional effects vary across digital touchpoints—including email, social media, mobile
notifications, and retargeting ads—would provide a more comprehensive understanding of
marketing effectiveness and enable optimized budget allocation across channels. This research
could extend the current single-channel focus to address the integrated customer journey
patterns that characterize contemporary e-commerce, building upon the emerging literature on
cross-channel attribution while maintaining rigorous causal inference standards.

Finally, organizational and implementation factors affecting the successful adoption of uplift
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modeling merit systematic investigation. Research examining how analytical sophistication,
data infrastructure, organizational structure, and decision processes influence the translation
of methodological advantages into business value would address important practical barriers
to implementation. Such studies could build upon the technology adoption literature while
providing specific guidance for marketing organizations seeking to develop causal inference
capabilities, ultimately bridging the gap between methodological potential and practical
realization in competitive e-commerce environments.
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