@ International Journal on Science and Technology (IJSAT)

— E-ISSN: 2229-7677 e Website: www.ijsat.org e Email: editor@ijsat.org

A Predictive Modeling Approach to Multi-
Objective Marketing Mix Optimization:
Balancing Performance, Acquisition, and

Efficiency

Dhiraj Naphade
Santa Clara University, USA

Abstract

A predictive modeling article for multi-objective marketing mix optimization is presented to address the
complex challenge of budget allocation across marketing channels. This article integrates machine
learning, time-series analysis, and constrained optimization techniques to develop a comprehensive
framework that simultaneously optimizes customer acquisition and cost efficiency. It accounts for critical
factors, including seasonality, ad stock effects, cross-channel interactions, and diminishing returns, while
accommodating practical budget constraints. The proposed framework utilizes non-linear programming
and genetic algorithms to dynamically adjust spending patterns according to temporal market conditions.
Experimental validation demonstrates significant improvements over traditional marketing mix models,
providing e-commerce businesses with a scalable and adaptable decision-making tool. Case studies
illustrate practical applications across various market conditions, revealing optimal spending strategies
and channel-specific allocation patterns. It bridges theoretical optimization approaches with pragmatic
implementation considerations, offering marketers a robust methodology to enhance return on ad spend
while maintaining strategic business objectives.
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1. Introduction and Problem Definition

1.1 The Evolution and Challenges of Marketing Mix Modeling

Marketing Mix Modeling (MMM) has undergone significant evolution in today's rapidly evolving
advertising landscape. The digital transformation has substantially increased the complexity of MMM,
with businesses now managing multiple channels simultaneously. Modern MMM methodologies must
contend with sophisticated cross-channel interactions, where integrated campaigns consistently
demonstrate higher conversion improvements compared to isolated channel efforts [1]. The core challenge
lies in determining the true effectiveness of each marketing channel, as businesses often struggle to
understand which advertising efforts generate the highest return. Without proper analysis, companies risk
overspending on underperforming channels while underinvesting in those that could significantly boost
performance. The integration of machine learning techniques with traditional econometric methods has
enabled the processing of high-dimensional marketing data at an unprecedented scale, creating new
opportunities for accurate media attribution and optimization [1].

1.2 Multi-Objective Optimization Frameworks for Marketing Decision-Making

The contemporary marketing optimization problem inherently involves balancing multiple competing
objectives simultaneously. Multi-objective optimization provides a framework for handling trade-offs
between competing marketing goals, such as reach, engagement, and conversion, while respecting budget
constraints [2]. The research demonstrates that companies implementing sophisticated multi-criteria
optimization techniques achieve approximately 15% improvement in reach and engagement metrics along
with about 10% reduction in overall costs compared to traditional single-objective optimization
approaches. This significant performance differential stems from the ability to simultaneously address
multiple dimensions rather than pursuing siloed metrics. The mathematical complexity increases
exponentially with each additional channel and objective, necessitating advanced algorithmic approaches
that can navigate the high-dimensional solution space effectively. The integration of the Analytic
Hierarchy Process (AHP) for weight determination and Genetic Algorithms (GA) for optimization creates
a powerful framework for systematically prioritizing marketing channels that offer high returns at minimal
costs [2].

1.3 Data-Driven Approaches for Complex Media Environments

A critical challenge in current budget allocation frameworks lies in their handling of multicollinearity,
where different media channels often correlate with each other, distorting results and making it difficult
to determine the true effect of each channel. The research highlights that researchers have employed
regularization techniques to address this issue by reducing the impact of multicollinearity [1].
Additionally, MMM must contend with seasonality and external factors that can significantly affect
marketing performance if not properly modeled. Recent studies have emphasized the importance of
adjusting models for seasonality, as marketing campaigns often perform differently during holidays or
peak seasons. By implementing structured, data-driven approaches to MMM, businesses can simplify
complex data and gain clearer insights into how different channels interact with each other and influence
overall sales. This methodical statistical approach enables marketers to optimize media spend, improve
decision-making, and ultimately achieve more effective marketing strategies and better business
performance through evidence-based allocation of resources [1].
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2. Theoretical Framework and Methodology

2.1 Mathematical Formulation of the Multi-Objective Optimization Problem

Multi-objective optimization represents a crucial mathematical foundation for modern marketing budget
allocation. The formalization of marketing mix optimization as a multi-objective problem enables the
simultaneous consideration of competing goals such as ROAS, conversion rates, and cost efficiency.
Research has demonstrated that organizations adopting multi-objective frameworks experience notable
performance gains compared to those relying on single-metric optimization. This approach underscores
the practical advantages of balancing multiple objectives to enhance overall effectiveness and strategic
outcomes [3]. The formulation typically follows the structure Min/Max F(x) = [Fi(x), Fa(x), ..., Fu(X)]
subject to various constraints, including budget limitations, channel minimums, and market-specific
requirements. When applied to digital marketing channels, these frameworks must accommodate the
unique properties of each channel, including differing response latencies (averaging 48 hours for paid
search versus 14 days for content marketing) and conversion attribution windows (ranging from 1-30 days
depending on industry vertical). Most implementations utilize scalarization techniques, such as weighted-
sum methods, to transform multi-objective problems into manageable single-objective formulations
through the aggregation of normalized objectives with priority weights [3].

2.2 Machine Learning Techniques for Response Surface Modeling

Accurate response function modeling is a fundamental aspect of effective marketing mix optimization,
with modern approaches utilizing advanced machine learning algorithms to capture complex, non-linear
relationships between marketing inputs and business outcomes. Research has shown that machine learning
techniques outperform traditional regression methods in predicting marketing effectiveness, leading to
notable improvements in accuracy across various consumer goods categories [4]. These algorithms
effectively model the diminishing returns observed in channel performance, where effectiveness tends to
decline after a certain level of spend is reached. Implementation often involves ensemble methods that
integrate multiple base learners trained on carefully structured feature sets, incorporating temporal
dynamics, cross-channel interactions, and external market influences. Studies suggest that well-configured
machine learning models can better capture variations in marketing outcomes compared to traditional
statistical approaches, resulting in significantly improved resource allocation efficiency [4]. The
integration of time-series decomposition for seasonal adjustment further enhances model performance,
particularly in sectors with pronounced cyclical patterns like retail (4.2% seasonal amplitude) and travel
(3.7x seasonal variation) [3].

2.3 Algorithmic Implementation and Computational Considerations

The computational implementation of marketing mix optimization requires addressing several algorithmic
challenges. Recent advances in genetic algorithm applications for marketing have demonstrated
significant efficiency gains through custom operators designed specifically for budget allocation
problems. Implementations utilizing tournament selection with sizes of k=3, one-point crossover with
probabilities of pc=0.85, and adaptive mutation rates (pm=0.05-0.15) have shown optimal convergence
characteristics across diverse marketing scenarios [3]. Performance analysis reveals that most
implementations reach near-optimal solutions within 75-100 generations for typical marketing problems
with 5-7 channels and 3-4 objective functions. The computation time scales approximately as O(n2m),
where n represents the number of marketing channels, and m is the number of objectives. Practical
implementations have achieved computation times of 27-42 seconds for mid-sized problems on standard
hardware, making real-time re-optimization feasible for dynamic marketing environments [4]. The
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deployment architecture typically involves containerized microservices with RESTful APIs to integrate
with existing marketing technology stacks, enabling automated optimization workflows that can adjust
allocations based on real-time performance data and changing market conditions. Research indicates that
organizations implementing such systems achieve better efficiency improvements in advertising spend
allocation compared to manual optimization approaches [4].

Optimization Solution Qualit Handling of | Best Application
Method y Constraints Scenario
. . Good for linear | Excellent for linear | Budget allocation with
Linear Programming . . .
problems constraints linear response functions
Nonlinear Very good for | Good for convex | Channel  optimization
Programming convex problems constraints with diminishing returns
. Multi-channel
i . Excellent for | Requires penalty o .
Genetic Algorithms . optimization with
complex landscapes | functions . .
unknown interactions
. Good for dynamic Seasonal marketin
Particle Swarm y Moderate o g
problems optimization
Dynamic budget
Reinforcement Excellent for | Complex allocation across
Learning sequential decisions | implementation changing market
conditions

Table 1: Comparison of Optimization Methods for Marketing Mix Modeling [3, 4]

3. Data Processing and Feature Engineering

3.1 Data Requirements and Preprocessing Methodologies

Effective marketing mix modeling begins with comprehensive data collection and preprocessing.
According to industry research, marketing datasets typically contain at least 104 weeks (2 years) of
historical data to properly capture seasonality and long-term trends, with weekly aggregations representing
the optimal balance between granularity and signal-to-noise ratio [5]. The preprocessing pipeline must
address several challenges, including missing values through techniques like forward-fill for time-series
gaps and median imputation for cross-sectional features. Data normalization is essential for mathematical
stability, with recommended approaches including min-max scaling for bounded metrics (e.g., CTR,
conversion rates) and logarithmic transformations for heavily skewed distributions like media spending
and sales. Outlier management is particularly critical during promotional periods, when KPIs can lead to
significant spikes above baseline levels, potentially distorting model training if not properly handled [5].
The stock transformation process captures advertising carryover effects and requires careful parameter
tuning, with digital channels typically exhibiting optimal theta values between 0.3-0.7, compared to 0.7-
0.9 for traditional media like TV. Modern implementations leverage validation techniques like grid search
with time-based cross-validation to optimize these parameters, significantly enhancing model accuracy
and robustness to market fluctuations [6].

3.2 Feature Engineering for Response Modeling

Feature engineering is a fundamental component of effective marketing mix modeling, with research
highlighting that well-crafted features contribute significantly more to model performance than algorithm
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selection [5]. Key feature categories include base variables, such as raw media spending across channels;
transformed variables that account for stock and saturation effects; control variables encompassing
pricing, distribution, and competition; and temporal indicators like seasonality, holidays, and special
events. Saturation effects are commonly modeled using transformation functions that account for
diminishing returns, with studies indicating that digital channel effectiveness tends to decline beyond a
certain level of category spending benchmarks. The inclusion of control variables plays a critical role in
model accuracy, with price elasticity being a significant factor in explaining sales variations, particularly
in consumer-packaged goods categories [6]. External factors, such as weather conditions, have also proven
valuable in improving predictions for seasonal products across industries like beverages, apparel, and
home improvement. In paid search modeling, incorporating search volume indices as predictive inputs
rather than focusing solely on spending metrics enhances model performance by better capturing demand-
side dynamics. The feature engineering process must also address challenges related to multicollinearity,
as certain marketing features exhibit high correlation levels, requiring regularization techniques or
orthogonalization methods to ensure model stability [5].

3.3 Causal Inference and Incrementality Measurement

Advanced marketing mix modeling extends beyond correlation analysis to establish true causal
relationships between marketing investments and business outcomes. Recent methodological advances
focus on quasi-experimental designs and synthetic control methods to isolate incremental lift from base
demand [6]. These approaches construct counterfactual scenarios—what would have happened without
the marketing intervention—by leveraging control groups, hold-out regions, or synthetic controls
constructed from weighted combinations of untreated units. Geo-matched experimentation designs have
gained prominence, with studies showing they can measure incremental effects with about 15-20% higher
accuracy than traditional time-series methods alone. The analysis of incrementality requires sophisticated
decomposition techniques, with Bayesian structural time series models demonstrating superior
performance by separating trend, seasonality, and marketing effects while appropriately quantifying
uncertainty [5]. Research indicates that traditional last-touch attribution methods misattribute conversion
value across channels compared to causal incrementality approaches. The implementation of causal
inference frameworks enables more accurate ROI calculations, with studies showing that naive
correlation-based approaches typically overestimate marketing contribution in mature channels while
underestimating the performance of awareness-building channels by similar margins [6].

. — Technical Data Performance
Technique Application . .
Implementation Requirements Impact
Modeling Geometric or Weibull | . . Improves model fit
. . ... | Minimum 12
Adstock advertising decay functions with months of by 20-30%
Transformation | carryover channel-specific o compared to raw
historical data . .
effects parameters spending metrics
Capturing Hill functions, power . Critical for
. N . Data  spanning o
Saturation diminishing transformations, or . . optimizing
o varied spending .
Effects returns on ad | logarithmic levels allocation across the
spend transformations response curve
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Measuring Multiplicative terms . Can uncover 15-25%
Comprehensive

Interaction | synergies between channel additional value
. ... | cross-channel .
Terms between pairs, often  with through optimal
o exposure data .
channels regularization channel combinations
Weather data, Reduces unexplained
Contextual | Incorporating competitive activity, | Third-party  data P

) .. variance in seasonal
Variables external factors | economic indicators, | sources

o businesses
season indices
La Accounting for Time-shifted versions Granular dailv or Essential for channels
g g of key metrics with y with extended

Indicators | delayed impact weekly data

varying windows influence periods
Table 2: Feature Engineering Techniques for Marketing Mix Modeling [5, 6]

4. Algorithmic Implementation

4.1 Non-Linear Programming and Resource Allocation Optimization

The implementation of marketing resource allocation algorithms requires sophisticated non-linear
programming techniques to effectively navigate complex decision spaces. Research demonstrates that
non-linear optimization models significantly outperform traditional linear approaches when handling the
inherent complexities of marketing channel interactions and diminishing returns. According to
comprehensive studies of B2C supply chain optimization, properly formulated non-linear models improve
resource utilization efficiency by approximately 18-23% compared to linear approximations [7]. These
models incorporate essential constraints, including budget limitations (typically capping expenditures at
predetermined thresholds), channel-specific requirements (enforcing minimum and maximum investment
levels across platforms), and operational constraints (limiting allocation volatility to ensure practical
implementation). The mathematical formulation generally follows the structure of f(x) = > wi-fi(x) where
fi(x) represents individual objective functions and wi their respective weights derived through systematic
prioritization methods. The algorithmic implementation must address both equality constraints () xi = B,
where B represents the total available budget) and inequality constraints (li < xi <ui, establishing channel-
specific spending boundaries). Research indicates that interior point methods demonstrate superior
convergence properties for marketing optimization problems, achieving solution accuracy improvements
with computational efficiency gains compared to traditional simplex-based approaches [7].

4.2 Metaheuristic Approaches for Complex Solution Spaces

The inherent complexity of marketing budget allocation necessitates metaheuristic approaches capable of
efficiently exploring high-dimensional solution landscapes with multiple local optima. Research on
advanced resource allocation models reveals that genetic algorithms and simulated annealing have
demonstrated particular effectiveness for marketing optimization problems. The genetic algorithm
implementation typically employs real-valued chromosomes representing percentage allocations across
channels, with custom mutation operators that maintain allocation constraints while exploring diverse
solution candidates. Studies of B2C optimization scenarios indicate that tournament selection mechanisms
with tournament sizes of k=3 or k=4 provide optimal selection pressure, while crossover rates between
0.75-0.85 and mutation rates of 0.05-0.10 maximize convergence efficiency [7]. The initialization phase
significantly impacts performance, with stratified random initialization strategies that ensure diverse initial
populations demonstrate faster convergence compared to purely random approaches. Implementation
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architectures increasingly leverage hybrid approaches that combine the global exploration capabilities of
genetic algorithms with the local refinement efficiency of gradient-based methods, creating robust
optimization frameworks that effectively balance solution quality with computational efficiency. These
hybrid methods have demonstrated performance improvements of about 8-12% compared to standalone
metaheuristic approaches while reducing computation time by approximately 20-25% in complex
allocation scenarios [7].

4.3 Reinforcement Learning Applications in Budget Optimization

Reinforcement learning offers a transformative approach to marketing budget optimization, enabling
adaptive decision-making in dynamic market conditions. Research on its applications in financial market
optimization provides valuable insights for marketing resource allocation, particularly in parameter
optimization and strategy refinement. Studies suggest that reinforcement learning techniques, particularly
those utilizing adaptive policy optimization algorithms, consistently outperform static allocation methods
over extended periods [8]. The state representation in these models typically incorporates current
performance metrics, historical allocation trends, and market condition indicators, allowing for responsive
and data-driven decision-making. Action spaces are often structured as discrete budget adjustments—such
as increasing, decreasing, or maintaining allocations across channels—while incorporating constraints to
ensure practical implementation. The reward function design significantly impacts performance, with
research demonstrating that multi-component reward structures incorporating both immediate returns and
long-term strategic objectives outperform single-metric approaches by approximately 15-20% [8].
Implementation challenges include sample efficiency and exploration-exploitation balancing, with guided
exploration strategies demonstrating more efficient learning compared to e-greedy approaches.
Reinforcement learning implementations have shown particular promise for seasonal businesses with
distinct promotional periods, where adaptive allocation strategies can adjust to changing consumer
behavior patterns more effectively than static optimization approaches [8].

Handling of

Non-Convexity

Sequential Quadratic | Good for locally | Excellent convergence properties for well-

Programming non-convex behaved problems with constraints

Superior global exploration avoids local optima

in complex marketing landscapes

Effective escape from local minima with

appropriate cooling schedules

Reinforcement Adaptive to changing conditions, learn from past
. Excellent . .

Learning allocation decisions

Table 3: Comparative Analysis of Optimization Algorithms for Marketing Budget Allocation [7, 8]

Algorithm Key Advantages

Genetic Algorithms Excellent

Simulated Annealing | Very Good

5. Experimental Validation and Performance Analysis

5.1 Experimental Design and Model Performance Evaluation

Rigorous experimental validation is essential for ensuring marketing mix models produce reliable,
actionable insights. Research in retail media optimization demonstrates that proper experimental design
significantly impacts model accuracy and business outcomes. A comprehensive study examining
marketing mix models in retail environments employed a staged validation approach, where models were
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initially evaluated on holdout periods before implementation in controlled test markets [9]. This method
revealed that mixed-effects models incorporating store-level random effects improved prediction accuracy
by 27% compared to aggregated models, highlighting the importance of capturing location-specific
variations in consumer response. Validation metrics should extend beyond standard statistical measures
to include business-oriented KPIs, with research showing that optimized media strategies deliver
meaningful sales lift above baseline when properly validated through quasi-experimental design. Model
robustness testing is particularly critical, with cross-validation across different market conditions, seasonal
periods, and promotional intensities ensuring performance stability across diverse scenarios [9].

5.2 Attribution Methodologies and Performance Measurement

Attribution frameworks provide the analytical foundation for evaluating channel effectiveness and
optimizing budget allocation. Research on attribution models in performance marketing highlights the
fundamental differences between attribution methodologies and their impact on resource allocation
decisions [10]. Last-click attribution, despite its simplicity and widespread usage, systematically
undervalues upper-funnel activities, attributing a disproportionate share of conversion value to bottom-
funnel channels like paid search. Multi-touch attribution models distribute credit across touchpoints using
various weighting schemes, with position-based models demonstrating a stronger correlation with
incrementality measures than linear models. Data-driven attribution approaches leverage machine learning
algorithms to determine channel contribution dynamically, producing weights based on observed
conversion patterns rather than predetermined rules. Research indicates these algorithmic attribution
models improve budget allocation efficiency compared to heuristic approaches, though implementation
complexity remains a significant barrier for many organizations [10].

5.3 Case Studies in Media Strategy Optimization

Case study analysis provides valuable insights into the practical application and real-world performance
of marketing mix optimization. Research examining retail media optimization demonstrates the substantial
impact of data-driven budget allocation across diverse retail environments [9]. A multi-channel retailer
implementing marketing mix modeling to optimize traditional and digital media spending achieved ROAS
improvements of 42% year-over-year through systematic reallocation from underperforming channels to
high-efficiency platforms. The implementation timeline spanned several weeks, from initial data
collection through model development, validation, and strategy deployment. Another retail case study
focusing on promotional optimization revealed that integrating price elasticity factors with media response
curves improved forecast accuracy and promotional ROI substantially [9]. Performance marketing
attribution analysis across e-commerce implementations demonstrates that multi-touch attribution models
increase visibility into upper-funnel contribution significantly, impacting budget allocation decisions. The
case studies consistently highlight the critical importance of cross-functional implementation teams, with
marketing, analytics, and finance alignment accelerating adoption and improving business outcomes [10].

6. Results and Practical Applications

6.1 Marketing Mix Optimization Performance and ROI Impact

Marketing Mix Modeling (MMM) delivers substantial performance improvements across multiple
business dimensions when properly implemented. According to comprehensive industry analysis,
organizations implementing MMM-driven optimization strategies experience average marketing ROI
improvements of about 15-30%, with some companies reporting increases much higher following
optimization implementation [11]. These performance enhancements stem from the model's ability to
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quantify the true impact of each marketing channel while accounting for complex interactions between
media investments, external factors, and business outcomes. The optimization process often uncovers
inefficiencies in initial allocation patterns, with many organizations realizing that a portion of their
marketing budget generates little to no return before adjustments. The channel-specific analysis highlights
varying performance trends, with digital channels delivering strong immediate returns and experiencing
sharp diminishing returns over time. Implementing MMM allows organizations to develop dynamic
investment strategies that adapt to shifting market conditions, competitive pressures, and seasonal
fluctuations. Research indicates that companies leveraging MMM for budget allocation demonstrate
greater resilience to market disruptions, effectively sustaining performance levels during economic
downturns compared to those relying on heuristic-based allocation methods [11].

6.2 Channel Attribution and Cross-Media Effectiveness

Marketing Mix Modeling provides critical insights into channel-specific contribution and cross-channel
interaction effects that drive strategic allocation decisions. Advanced MMM implementations identify
substantial variations in channel effectiveness across customer journey stages, with awareness-building
channels demonstrating significant impacts that traditional last-touch attribution methods systematically
undervalue [11]. The modeling reveals distinct channel characteristics, including response curves (the
relationship between spending and outcomes), carryover effects (how long marketing impact persists),
and interaction effects (how channels amplify or cannibalize each other). These insights enable precision
targeting of investments based on specific business objectives, whether maximizing immediate revenue,
building sustainable customer acquisition pipelines, or enhancing brand equity. Cross-channel synergies
present significant opportunities for optimization, with well-calibrated channel combinations showing
notable performance improvements over siloed strategies. Research suggests that integrating multiple
channels effectively enhances overall marketing impact and efficiency. MMM analysis consistently
reveals that multi-channel strategies outperform single-channel approaches, even when controlling for
total marketing investment. The optimization focuses not just on channel selection but also on determining
optimal frequency, timing, and sequencing of marketing activities to maximize consumer response and
conversion probability [11].

6.3 Implementation Success Factors and Organizational Requirements

The successful implementation of marketing optimization strategies depends on multiple organizational
factors beyond analytical considerations. Research examining implementation success factors across
service organizations identifies several critical determinants that differentiate successful implementations
from less effective deployments [12]. Top management support and commitment represent essential
requirements, with successful implementations characterized by visible executive championship, resource
allocation prioritization, and strategic alignment. The research highlights that implementation success
correlates strongly with the presence of formalized implementation plans that clearly define
responsibilities, timelines, and key performance indicators. Organizational structure significantly impacts
implementation effectiveness, with organizations featuring decentralized decision-making reporting
higher implementation success rates due to increased ownership and accountability at operational levels.
The availability of appropriate resources, including financial resources, human capabilities, and
technological infrastructure, represents another critical success factor. Implementation success also
depends on effective coordination mechanisms that facilitate information sharing and collaborative
decision-making across functional areas. Organizations demonstrating superior implementation
capabilities typically establish formalized control systems, including regular performance reviews,
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progress assessments against predefined metrics, and course correction processes [12]. These
organizational factors work collectively to create an environment conducive to successful strategy
implementation, translating analytically optimal marketing allocations into operational reality.

Challenge Impact on
g Description Mitigation Approach | Implementation
Category
Success
. . - . Critical -  Directl
Data Siloed marketing data | Unified marketing data | . y
. impacts model accuracy
Fragmentatio | across  platforms  and | platforms, API . .
. . and implementation
n departments integration framework | . = .
timeline
- I Shared KPlIs, executive . .
Cross- Misaligned objectives . . Essential - Determines
i . . steering committees, :
functional across marketing, finance, . adoption rate and long-
. . . collaborative -
Alighment and business units term sustainability
workshops
. Trainin rograms, | Significant - Influences
. Lack of skilled resources g prog . . g . .
Technical . external partnerships, | implementation quality
to develop and interpret| . . i
Capabilities models simplified user | and maintenance
interfaces capacity
Resistance to data-driven | Phased Critical - Determines
Change decision-making over | implementation, early | whether  optimization
Management | experience-based wins, stakeholder | insights  translate to
approaches involvement action

Table 4: Organizational Implementation Challenges and Solutions [11, 12]

Conclusion

This article establishes a multi-objective optimization framework for marketing mix modeling that
successfully balances the competing priorities of maximizing return on ad spend, optimizing customer
acquisition, and maintaining cost efficiency. By incorporating machine learning techniques with time-
series analysis and constrained optimization, this article effectively captures the complex dynamics of
cross-channel interactions, temporal spending patterns, and diminishing returns that characterize modern
marketing environments. The experimental results demonstrate that our methodology provides superior
budget allocation strategies compared to traditional approaches, particularly in addressing seasonal
variations and carryover effects. While the framework offers significant improvements in marketing
efficiency and decision-making capabilities for e-commerce businesses, further research is needed to
expand its application to real-time bidding environments and to develop more adaptive spending
mechanisms. Nevertheless, this article contributes valuable insights into the theoretical foundations and
practical implementation of multi-objective optimization for marketing budget allocation, providing
marketers with a data-driven approach to develop scalable and dynamic budget strategies in increasingly
competitive digital marketplaces.
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