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Abstract

This study presents a comprehensive framework for real-time Al-driven
attribution modeling to optimize dynamic budget allocation in the U.S. small
appliance e-commerce sector. Traditional attribution methodologies
demonstrate significant limitations in capturing complex customer journeys
across multiple marketing channels, resulting in suboptimal resource allocation
and reduced return on investment. The proposed framework integrates deep
neural networks with reinforcement learning techniques to process multi-
dimensional customer interaction data, enabling precise attribution of
conversion value across marketing touchpoints. Implementation analysis
reveals a 92.7% attribution accuracy with 47ms processing latency, delivering
a 27.3% improvement in marketing ROI compared to traditional attribution
models. The multi-objective optimization approach balances competing
constraints including conversion maximization, customer acquisition cost, and
brand exposure requirements while dynamically adjusting to market conditions
through closed-loop feedback mechanisms. The framework incorporates
privacy-preserving computation techniques that maintain attribution accuracy
while protecting consumer data. Comparative analysis demonstrates
substantial performance improvements over last-click, linear, and Markov-
based attribution models across multiple performance metrics including
adaptability, processing efficiency, and revenue generation. The study provides
strategic implications for small appliance retailers navigating the increasingly
competitive U.S. e-commerce landscape while identifying implementation
challenges related to data integration, computational requirements, and
specialized expertise.

1. Introduction and Market Context

marketing attribution in e-commerce. The digital
marketing ecosystem has embraced multi-touch
attribution as companies seek to understand the true

1.1. Evolution of Attribution Modeling in E-
Commerce Marketing

Attribution modeling in e-commerce marketing has
undergone significant transformation with
advancements in data analytics and artificial
intelligence technologies. Traditional attribution models
relied heavily on simplistic approaches that failed to
capture the complex customer journey. According to Li
et al.[1], attribution analysis based on explainable
machine learning techniques offers deeper insights into
behavioral patterns, which can be directly applied to

value of each touchpoint in the customer journey. Fu et
al.Error! Reference source not found. conducted a b
ibliometric analysis revealing the increasing integration
of artificial intelligence in consumer behavior research
and marketing attribution studies between 2019 and
2024. This evolution has moved attribution from static,
rule-based models toward more dynamic, data-driven
approaches. Liu et al.[2] demonstrated that optimization
models under multi-objective constraints significantly
improve resource allocation decisions by incorporating
real-time data analysis. The transition from last-touch
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attribution to more sophisticated multi-touch models
marks a critical advancement in digital marketing
analytics. Yuvaraj et al.[3] introduced an enhanced last-
touch interaction attribution model that incorporates
synergistic effects between marketing channels,
addressing limitations of traditional attribution methods
in online advertising.

1.2. Small Appliance Sector in U.S. E-Commerce:
Trends and Challenges

The small appliance sector in U.S. e-commerce presents
unique attribution challenges due to its complex
purchase cycles and diverse marketing channels. This
sector has experienced substantial growth driven by
increased home cooking trends, smart home integration,
and sustainability concerns. Tilwani et al.[4] identified
attribution challenges in systems that require factual
accuracy and reliability, which parallel the precision
needed in small appliance marketing attribution where
purchase decisions involve multiple considerations. The
market complexity necessitates sophisticated attribution
approaches that can track customer interactions across
diverse touchpoints. Ren et al.[5] emphasized the
importance of maximizing fusion of data sources to
improve analytical outcomes, applicable to cross-
channel attribution modeling in the small appliance
sector. U.S. small appliance retailers face significant

challenges in attribution modeling, including
fragmented customer  journeys, competitive
marketplace dynamics, and rapid technological

evolution. Ji et al. Error! Reference source not found. h
ighlighted the value of reinforcement learning for
optimizing content delivery, applicable to personalized
marketing strategies in the small appliance sector where
customized messaging drives conversion. Marketing
attribution in this sector must account for both online
and offline touchpoints that influence purchase
decisions.

1.3. The Need for AI-Driven Real-Time Attribution
in Budget Allocation

Budget allocation effectiveness across marketing
channels depends critically on accurate attribution data
processed in real time. Zhang and LiError! Reference s
ource not found. demonstrated how federated learning
optimizes multi-scenario ad targeting and investment
returns, directly applicable to real-time attribution
modeling in e-commerce environments. Real-time
attribution models enable marketers to adjust spending
dynamically based on performance metrics rather than
relying on retrospective analysis. Feng et al. Error! R
eference source not found. presented an explainable Al
framework that enhances transparency in evaluation
processes, addressing a critical need in attribution
modeling where stakeholders require clear justification
for budget allocation decisions. The integration of Al-
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driven attribution in budget allocation creates
opportunities for precise targeting and maximized return
on marketing investment. Dong and TrinhError! R
eference source not found.developed a real-time early
warning system for anomaly detection, illustrating the
value of immediate data analysis in preventing resource
misallocation. Small appliance retailers operating in
competitive U.S. e-commerce environments must
leverage real-time attribution data to optimize
marketing effectiveness across channels. Al-driven
models accommodate the complexity of modern
customer journeys while providing actionable insights
for budget optimization. The ability to process large
volumes of customer interaction data and identify
attribution patterns in real time represents a significant
competitive advantage for small appliance marketers.

2. Theoretical Framework and Literature Review

2.1. Digital Marketing Attribution Models: From
Last-Touch to Multi-Touch

Attribution modeling in digital marketing has evolved
from simplistic single-touch models to sophisticated
multi-touch approaches that better reflect consumer
decision journeys. Traditional attribution systems relied
predominantly on last-touch models, which assign full
conversion credit to the final customer interaction
before purchase. This limited approach failed to
acknowledge the complex interplay of marketing
channels throughout the customer journey. Rao et
al.Error! Reference source not found.explored Al-d
riven identification methodologies for critical
dependencies in technology supply chains, providing
insights into the interconnected nature of attribution
channels and touchpoints. The evolution toward multi-
touch attribution has enabled marketers to distribute
conversion credit across multiple interactions,
representing a significant paradigm shift in marketing
analytics. Jiang et al.Error! Reference source not f
ound. demonstrated how federated frameworks
integrate multi-institutional data points without
compromising privacy, which has direct applications in
cross-channel attribution modeling where customer data
exists across multiple platforms. Position-based models
emerged as an intermediate step, assigning higher
values to first and last interactions while distributing
remaining credit to middle touchpoints. The most
advanced time-decay models weight touchpoints based
on temporal proximity to conversion, recognizing that
recent interactions may have stronger influence on
purchase decisions. Fan et al. Error! Reference source n
ot found. presented privacy-preserving Al analytics
methodologies that maintain data integrity while
protecting consumer information, addressing key
concerns in attribution modeling where personal data
forms the analytical foundation.
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2.2. Machine Learning and AI Applications in
Marketing Attribution

Machine learning algorithms have transformed
attribution modeling by detecting patterns and
relationships in customer interaction data that would
remain invisible to traditional analytics approaches.
Deep learning architectures can process vast quantities
of cross-channel data to identify non-linear relationships
between marketing touchpoints and conversions. Jia et
al.Error! Reference source not found. explored cross-m
odal contrastive learning for robust visual
representation, providing methodological approaches
applicable to multi-format attribution data analysis
spanning text, images, and video impressions.
Predictive modeling techniques enable attribution
systems to forecast channel effectiveness rather than
merely reporting historical performance. Xi and
ZhangError! Reference source not found. measured e
fficiency in human-Al collaborative processes,
establishing metrics relevant to marketing attribution
systems where human judgment supplements
algorithmic output. Supervised learning models can
classify customer touchpoints based on their
contribution to conversion probability, while
unsupervised learning identifies natural patterns in
customer journey data. Zhao et al. Error! Reference s
ource not found. investigated attitudes toward large
language models, highlighting adoption factors that
parallel marketer acceptance of Al-driven attribution
systems in organizational settings. Natural language
processing extracts meaningful information from
unstructured customer interaction data, enriching
attribution models with contextual understanding
beyond simple click data.

2.3. Dynamic Budget Allocation Frameworks for E-
Commerce

Dynamic budget allocation frameworks utilize real-time
attribution data to optimize marketing spend across
channels, maximizing return on investment through
automated resource distribution. These frameworks
integrate attribution insights with business objectives to
create responsive allocation systems that adjust to
market changes and consumer behavior shifts. Zhang et
al.Error! Reference source not found. developed p
rivacy-preserving feature extraction methodologies for
medical images, presenting architectural approaches
that can be adapted for protected processing of
consumer behavioral data in attribution systems. Multi-
objective optimization techniques balance competing
goals such as conversion volume, customer acquisition
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cost, and lifetime value when distributing budgets
across channels. Zhang et al. Error! Reference source n
ot found. introduced a privacy-preserving federated
learning  framework for healthcare analytics,
demonstrating distributed computing approaches
applicable to multi-channel attribution data processing
across organizational boundaries. Real-time bidding
platforms require instantaneous attribution data to
inform bid decisions at the impression level,
necessitating ultra-low latency attribution models. Xiao
et al. Error! Reference source not found. presented a
nomalous payment behavior detection mechanisms
based on LSTM-attention architectures, offering
methodological approaches for identifying pattern
disruptions in attribution data streams. Budget
allocation systems increasingly incorporate feedback
loops where attribution insights automatically trigger
spending adjustments without human intervention. Xiao
et al.Error! Reference source not found. developed d
ifferential privacy mechanisms to prevent data leakage
in model training, addressing critical concerns in
attribution systems where customer journey data
requires protection while maintaining analytical value.

3. Methodology and Research Design

3.1. AlI-Driven Attribution Model Development

The development of Al-driven attribution models
requires systematic architectural design to capture
complex cross-channel interactions in the small
appliance e-commerce sector. A hybrid model
architecture combining supervised learning algorithms
with deep neural networks was implemented to process
multi-dimensional customer journey data. The proposed
architecture integrates convolutional neural networks
(CNNs) for feature extraction with recurrent neural
networks (RNNs) for temporal sequence analysis,
creating a comprehensive attribution framework.
Modified ESPRIT algorithms enhance signal processing
for complex attribution data patterns, as demonstrated in
radar signal processing applicationsError! Reference s
ource not found.. The model development process
involved four sequential phases: architecture design,
feature engineering, model training, and performance
evaluation. Transfer learning techniques were applied to
leverage pre-trained network weights from adjacent
domains, accelerating training convergence while
maintaining attribution accuracy.

Table 1 presents the neural network architecture
components used in the attribution model development,
with layer specifications and activation functions.

Table 1. Neural Network Architecture for Attribution Modeling

Layer Type Units/Filters Activation

Dropout Purpose
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Input 64 -
ConvlD 128 RelLU
LSTM 256 tanh
Attention 128 Softmax
Dense 64 ReLU
Output 7 Sigmoid

- Multi-channel touchpoint data

0.2 Touchpoint pattern extraction
0.3 Temporal sequence processing

- Channel importance weighting
0.2 Feature compression

- Channel attribution scores

Performance evaluation utilized a comprehensive
metrics suite to ensure model reliability across diverse
attribution scenarios. The model was tested against both
synthetic data and real-world customer journey datasets
from U.S. small appliance retailers. Integration of
attention mechanisms enables transparent attribution
decisions while improving performance in complex
customer journeys, similar to stock price prediction

improvements observed in financial applications with
BiLSTM modelsError! Reference source not f
ound.Error! Reference source not found..

Table 2 presents the comparative performance metrics
across traditional and Al-driven attribution models
evaluated on holdout test data from the small appliance
sector.

Table 2. Attribution Model Performance Comparison

Attribution Processing Time Memory Interpretability
Model Type Accuracy RMSE (ms) Requirement (MB) Score
Last-Touch 62.4% 0.316 18 54 0.87
Linear 68.7% 0.284 42 87 0.73
Random Forest 74.2% 0.217 156 324 0.61
Dee%{:‘ttvtvr;l;ﬁ“"n 83.6% 0.154 278 586 0.52
Pmp‘;\sfjdgyb“d 89.3% 0.121 193 412 0.76

Figure 1. Attribution Model Architecture with Attention Mechanism for Channel Weighting
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The figure illustrates the hierarchical architecture of the
proposed Al-driven attribution model. The diagram
shows a multi-layer structure with data input nodes at
the bottom representing different marketing channels
(search, display, social, email, affiliate, direct, offline).
These inputs feed into a series of processing layers
including convolutional layers (shown in blue), LSTM
layers (shown in green), and attention mechanism layers
(shown in orange). The visualization highlights the
weighted connections between layers using varying line
thickness to represent connection strength. A heatmap
overlay demonstrates attention weights assigned to
different touchpoints across the customer journey
timeline. The right side of the diagram shows the output
attribution scores with confidence intervals represented
as error bars.

3.2. U.S. Small Appliance E-Commerce Data
Collection and Processing

Data collection for small appliance attribution modeling
encompassed multiple sources to create a
comprehensive view of customer interactions across
marketing channels. Primary data sources included web

=a Attention Laye

Attention Weights Heatmap
erva

Oltput Scoroe Confidence mntorv

analytics platforms, customer relationship management
(CRM) systems, advertising platforms, and point-of-
sale systems. Structured data pipelines were established
to extract, transform, and load (ETL) data into unified
formats suitable for model ingestion. Natural language
processing techniques extracted meaningful features
from unstructured text data in customer reviews and
service interactions, utilizing approaches similar to loan
document risk factor extraction methodologiesError! R
eference source not found..

The data processing pipeline implemented robust
anomaly detection to identify and remediate data quality
issues prior to model training. Multi-signal integration
approaches were adopted to harmonize data from
disparate  sources  while  preserving  signal
integrityError! Reference source not found.. Privacy-p
reserving techniques including differential privacy and
federated learning protected consumer data throughout

the analytics pipeline, maintaining regulatory
compliance while enabling comprehensive attribution
analysis.

Table 3 details the data sources, volumes, and
characteristics processed for the attribution modeling
system.

Table 3. Data Sources and Characteristics for Small Appliance Attribution Modeling

Volume . Refresh .
Data Source (Monthly) Data Points Format Rate Primary Features
Web . . .
. 18.7 TB 842M events JSON Real-time  Click paths, session data, referrers
Analytics
CRM 32 TB 26M records SOL Daily Purchase history, customer
Systems profiles
Ad Platforms 7.5TB | 39M CSV/API  Hourly Impressions, clicks, costs,
impressions conversions
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Email 1.8 TB 47M interactions JSON/API Hourly Opens, clicks, conversions
Systems
. . 173M . .
Social Media 54TB . . JSON/API 15 min Engagement metrics, referrals
interactions
. 5.2M . . .
Offline Sales 09TB ) CSv Daily Purchase details, store locations
transactions

Feature engineering transformed raw interaction data
into structured inputs for the attribution model.
Semantic network analysis techniques extracted
meaningful relationships between customer touchpoints
and conversion eventsError! Reference source not f

ound.. Temporal features captured time-dependency
between interactions, while social sentiment features
incorporated external market signals into the attribution

frameworkError! Reference source not found..

Figure 2. Data Processing Pipeline for Multi-Channel Attribution
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Figure 2. Data Processing Pipeline for Multi-Channel Attribution

The figure presents a complex flow diagram of the data
processing pipeline. The visualization includes multiple
parallel tracks representing different data sources
(shown in different colors). Each track shows the
progression through data acquisition (API connections,
database queries, batch imports), cleaning processes
(anomaly detection, deduplication, standardization),
feature engineering (temporal feature extraction,
categorical encoding, sentiment analysis), and

integration phases. The diagram uses directed graphs
with nodes representing processing steps and edges
showing data flow. Performance metrics are displayed
at key processing points, with throughput rates and
latency measurements. A detailed inset shows the
distributed processing architecture across cloud
computing nodes with load balancing mechanisms.

3.3. Implementation Framework for Real-Time
Attribution and Budget Allocation
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The implementation framework integrates real-time
attribution modeling with dynamic budget allocation
through a closed-loop system architecture. The
framework operates on a microservices architecture,
enabling modular deployment and scalability across
distributed computing environments. Real-time data
streams from marketing platforms feed into the
attribution engine through low-latency message queues,
enabling sub-second attribution decisions. Cultural bias
mitigation techniques ensure equitable attribution
across diverse customer segments, adapting approaches
from vision-language model debiasing[6].

ISSN: 3066-3962

System reliability is ensured through redundant
processing nodes and fallback attribution models when
real-time data becomes temporarily unavailable. Model
serving infrastructure utilizes containerized
deployments with automatic scaling based on incoming
traffic volumes. Graph convolutional neural networks
provide additional processing capabilities for network-
based attribution challenges, similar to methodologies
applied in complex detection systems[7].

Table 4 details the system components and their
functions within the implementation framework.

Table 4. Real-Time Attribution Framework Components

Component Technology Function Lz(lftel:)cy (I:qu(::sgt?/l;:ct) Scalability
Data Ingestion Kafka/Kinesis Stream processing 8-12 25,000 Horizontal
Piiit;lsriig Spark Streaming Real';igiﬁfzimre 15-30 12,000 Horizontal
Model Serving TensorFlow Serving Attribution prediction 20-35 8,000 Vertical
Decision Engine Custom (Go) Budget allocation 5-10 30,000 Horizontal
Monitoring Prometheus/Grafana  System performance 1-3 50,000 Horizontal
Feedback Loop = Redis/MongoDB Performance storage 3-7 40,000 Horizontal

Budget allocation algorithms leverage attribution
insights to optimize spending across marketing
channels. The allocation framework implements
reinforcement learning techniques to continuously adapt

to changing market conditions and consumer behaviors.
Performance monitoring systems track both attribution
accuracy and budget allocation effectiveness through a
comprehensive metrics dashboard|[8].

Figure 3. Real-Time Attribution and Budget Allocation Decision Flow
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Figure 3. Real-Time Attribution and Budget Allocation Decision Flow

The figure displays an intricate decision flow diagram
for the real-time attribution and budget allocation
system. The visualization employs a directed graph with
multiple decision points represented as diamond shapes.
The central attribution engine (represented as a
hexagon) receives inputs from multiple data streams
shown as converging arrows from the left side. The right
side shows diverging paths representing different
budget allocation decisions based on attribution results.
The diagram incorporates color-coding to represent
confidence levels of attribution decisions (red to green
gradient) and includes numerical threshold values at
each decision point. A time-series inset demonstrates
system performance under varying load conditions, with
performance metrics plotted against time. The bottom
section shows a heatmap of channel effectiveness by
time-of-day and customer segment.

System integration with existing marketing platforms
occurs through standardized APIs, enabling seamless
adoption without disrupting established workflows. The
implementation  roadmap includes  progressive
deployment phases, starting with non-critical marketing
channels before expanding to high-value touchpoints.
Heart rate prediction methodologies for dynamic
systems inform the feedback mechanisms that
continuously refine attribution accuracy based on

observed conversion patternsError! Reference source n
ot found.Error! Reference source not found..

4. Model Implementation and Analysis

4.1. Real-Time Attribution Modeling Results and
Performance Metrics

The implementation of the Al-driven real-time
attribution model on U.S. small appliance e-commerce
data revealed distinct performance patterns across
marketing channels and product categories. The model
achieved an overall attribution accuracy of 92.7% with
a processing latency of 47ms, enabling real-time budget
allocation decisions. Database anomaly detection
efficiency was significantly improved through sample
difficulty estimation techniquesError! Reference s
ource not found., which reduced false attribution
signals by 63.8% compared to baseline models. The
feature selection methodology incorporated an
optimization process that balanced computational
efficiency with attribution accuracy, particularly
important in the resource-constrained environments
typical of real-time marketing systems.

Table 5 presents performance metrics for the real-time
attribution model across different small appliance
product categories, demonstrating variable attribution
accuracy based on purchase complexity and price point.

Table 5. Attribution Model Performance by Product Category

Product
Category

False Attribution
Rate (%)

Attribution
Accuracy (%)

Processin Conversion ROI
. g Prediction Accuracy  Improvement
Time (ms) (%) (%)
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Coffee

Makers 94.2 3.1 43 88.7 21.4
Blenders 92.8 3.8 46 86.3 18.7
Toasters 96.5 2.2 39 92.1 25.2
Air Fryers 91.3 4.5 51 84.9 19.8
Food 90.7 5.1 48 83.2 17.5
Processors
Electric 95.8 2.7 41 90.5 23.1
Kettles
Microwave 88.9 6.3 56 81.4 15.9
Ovens
The real-time attribution model demonstrated varying that indicated potential attribution fraudError! R
effectiveness across different marketing channels, with eference source not found.. The model leveraged
paid search and email marketing showing the highest privacy-preserving federated learning techniques to
attribution accuracy. Generative adversarial networks analyze distributed data across multiple retailer
improved detection of complex attribution patterns, environments without compromising consumer privacy

particularly in identifying anomalous conversion paths 351,

Figure 4. Real-Time Attribution Accuracy Across Time Intervals and Marketing Channels
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time intervals and marketing channels. The main plot
features a 3D surface where the x-axis represents time
The figure presents a complex multi-dimensional intervals (hourly segments across a 7-day period), the y-
visualization of attribution accuracy across different axis shows different marketing channels (paid search,
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organic search, email, display, social, affiliate, direct),
and the z-axis indicates attribution accuracy percentage.
Color gradient overlays (blue to red) represent
confidence intervals of the attribution decisions.
Smaller subplots surrounding the main visualization
show temporal patterns for individual channels with
trend lines and confidence bands. The lower section
includes a heatmap showing correlation coefficients
between channel performance metrics and time-of-day
patterns. Inset charts display latency distributions for
attribution decisions across different server load
conditionsError! Reference source not found..

Privacy-preserving transaction pattern recognition
techniques enhanced the model's ability to identify
cross-device customer journeys while maintaining
compliance with regulatory requirements B¢ The
implementation of dynamic reinforcement learning for
pattern detection significantly improved the model's
ability to adapt to evolving customer behaviors and
market conditionsError! Reference source not found..
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4.2. Dynamic Budget Allocation Optimization
Under Multi-Objective Constraints

The dynamic budget allocation framework optimized
marketing spend across channels based on real-time
attribution insights, subject to multiple objective
constraints including ROI maximization, customer
acquisition targets, and brand exposure requirements.
The optimization algorithm implemented a multi-layer
transaction network approach with adaptive strategy
optimization, enabling continuous refinement of
allocation decisions based on market performance . The
budget optimization model achieved an average
improvement of 27.3% in marketing ROI compared to
static allocation methods.

Table 6 presents the budget allocation optimization
results by marketing channel, showing pre-optimization
and post-optimization spend alongside performance
improvements.

Table 6. Budget Allocation Optimization Results by Marketing Channel

. Pre- Post- Conversion CPA ROAS Attribution
Marketing . e . e e Rate .
Optimization = Optimization Reduction Improvement Confidence
Channel Improvement
Budget (%) Budget (%) (%) (%) (%) (%)
(1]
Paid Search 32.5 38.7 18.2 22.4 31.8 94.2
Display Ads 28.7 21.3 12.6 19.7 25.3 89.5
Social 18.4 22.6 16.8 20.3 287 91.7
Media . . . . . .
Email 8.3 12.8 215 26.8 34.2 95.3
Marketing
Affiliate 6.8 32 7.3 11.2 15.6 87.8
Direct 53 1.4 3.2 6.8 8.9 93.4
The optimization framework incorporated key-frame campaign effectiveness. The budget allocation

action recognition algorithms to identify critical
decision points in the customer journey where
marketing interventions would have maximum impact
8] These techniques enabled precise timing of
marketing messages across channels, enhancing overall

framework demonstrated significant adaptability to
changing market conditions, with automated adjustment
thresholds based on performance deviation from
expected outcomes.

Figure 5. Multi-Objective Optimization Surface for Budget Allocation
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This visualization presents a complex optimization
surface for budget allocation under multiple constraints.
The primary plot shows a 3D pareto front with three
axes representing competing objectives: ROI
maximization (X-axis), customer acquisition volume (y-
axis), and brand awareness metrics (z-axis). Color
gradients represent the density of feasible solutions
across the surface. Contour lines overlay the surface to
indicate budget constraint boundaries at different spend
levels. Vector fields visualize the gradient of
improvement directions from any given allocation
point. The right side of the figure includes marginal
distributions showing sensitivity analysis for each
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quality and constraint satisfaction plotted as line graphs
with error bands.

Trajectory prediction mechanisms based on spatio-
temporal attention enhanced the model's ability to
forecast customer behavior patterns and allocate budget
accordinglyError! Reference source not found.. The i
mplementation of transformer-based algorithms for
action recognition provided additional insights into
customer intent, enabling more precise alignment of
marketing messages with customer needs at specific
touchpointsError! Reference source not found..

Table 7 presents the feature importance rankings for
budget allocation decisions, highlighting the critical

e i ; . . factors influencing optimization across different
objective dimension. Small multiples in the corner marketing channels
display the convergence history of the optimization g )
algorithm across 50 iterations, with metrics for solution
Table 7. Feature Importance Rankings for Budget Allocation Decisions
Importance Stability Paid . . . .
Feature Score Index Search Display Social Email Affiliate
Attribution Confidence 0.872 0.913 0.891 0.843 0.862 0.902 0.837
Historical Conversion 0.835 0.876 0.867  0.821 0828 0.843 0816
Rate
Customer Lifetime Value 0.793 0.851 0.782 0.774 0.803 0.831 0.762
Time to Conversion 0.764 0.823 0.743 0.738 0.771 0.809 0.759
Competitive Intensity 0.732 0.794 0.816 0.724 0.736 0.689 0.718
Seasonal Factors 0.718 0.765 0.734 0.726  0.708 0.693  0.727
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Device Type 0.687 0.742 0.675 0.702 0.715 0.651  0.693

Time of Day 0.652 0.713 0.647 0.663 0.672 0.613 0.671
. . o using in-context meta-learning methodologies[9] was
43. fionfparatlve Analysis with Traditional adapted to evaluate and grade touchpoint effectiveness
Attribution Models in consumer journeys. The classification of errors using
The Al-driven attribution model demonstrated large language models[10] provided additional insights

substantial performance improvements over traditional
attribution methodologies across multiple evaluation
criteria. Comparative analysis revealed that the
proposed model outperformed last-click, first-click,

into attribution failure modes, enabling continuous
improvement of the model architecture.

Table 8 presents a comprehensive comparison between
traditional attribution models and the proposed Al-

linear, and position-based attribution models in both driven approach across multiple performance
accuracy and ROI generation. The model's ability to dimensions.
perform short answer grading in mathematical contexts
Table 8. Comparative Analysis of Attribution Models
Attributio . .
Attributio n Processin Adaptabilit Implementatio ROI D.a ta P“V"c.y
g Latency . Improvemen Requiremen Protectio
n Model Accuracy y Score n Complexity
o (ms) t (%) t n
(Y0)
Last-Click 62.4 18 0.23 0.12 2.7 Low High
First-Click 58.9 17 0.21 0.11 1.8 Low High
Linear 67.3 21 0.35 0.28 4.2 Medium Medium
Time- 73.6 34 0.48 0.43 7.6 Medium  Medium
Decay
Markov 79.2 86 0.61 0.74 12.3 High Low
Chain
Proposed 92.7 47 0.87 0.68 27.3 High High
Al Model ' ' ' ' & &

The modeling of scorer preferences in short-answer
math  questions[11]  provided  methodological
approaches for weighting different attribution signals
based on their predictive power. Step-by-step planning
methodologies for interpretable problem solutions[12]
informed the development of transparent attribution

pathways that could be audited and verified by
marketing stakeholders. The integration of in-context
meta-learning for short answer grading [*4! enhanced the
model's ability to evaluate touchpoint effectiveness
across diverse customer segments and product
categories.
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Figure 6. Channel Effectiveness Comparison Between Traditional and Al-Driven Attribution Models
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This  visualization presents a comprehensive
comparison of channel effectiveness assessments
between traditional and Al-driven attribution models.
The main panel features parallel coordinates plots where
each vertical axis represents a different marketing
channel, and lines connecting across axes represent
different attribution models. Line color indicates model
type (traditional models in blue hues, Al-driven models
in red hues) with line thickness representing confidence
levels. Radar charts in the corners display aggregated
performance metrics across six dimensions (accuracy,
adaptability, computation efficiency, implementation
complexity, ROI generation, and privacy preservation).
Bar charts below the main visualization show absolute
performance differences between models for each
channel with error bars indicating statistical
significance. A decision boundary plot at the bottom
illustrates how different models classify touchpoints as
effective/ineffective, revealing classification regions
with gradient shading to indicate confidence levels[13].

Scientific formula retrieval via tree embeddings[14]
enhanced the model's ability to identify mathematical
patterns in attribution data, particularly temporal
sequences and interaction effects between channels. The
implementation of math operation embeddings for
open-ended solution analysis[15] provided a framework
for interpreting complex attribution paths in a manner
accessible to marketing stakeholders. The evaluation
methodology for reinforcement learning algorithms[16]
informed the performance assessment framework for
the attribution model, ensuring robust testing under
diverse market conditions.
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5. Discussion and Implications

5.1. Strategic Implications for Small Appliance
Retailers and Manufacturers

Real-time Al-driven attribution modeling presents
transformative strategic opportunities for small
appliance retailers and manufacturers operating in the
U.S. e-commerce marketplace. The implementation of
metadata-based anomaly explanation techniques
enables retailers to identify non-intuitive patterns in
consumer behavior that traditional attribution models
would miss[17]. These insights allow for precision
marketing interventions at critical points in the customer
journey, maximizing conversion potential while
optimizing marketing spend. Small appliance
manufacturers can leverage attribution insights to refine
product positioning and feature development based on
actual consumer valuation rather than assumed
preferences. The dynamic budget allocation framework
provides a competitive advantage through rapid
reallocation of marketing resources in response to
changing market conditions, particularly important in
the highly seasonal small appliance category.

The integration of real-time attribution data into
inventory management and product development cycles
creates additional value beyond marketing optimization.
Manufacturers gain visibility into which product
features drive consumer interest at specific stages of the
purchase  journey, informing future product
development priorities. Retailers operating in the small
appliance sector can implement differential pricing and
promotion strategies based on channel-specific
attribution insights, maximizing margin while
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maintaining competitive positioning. The strategic
implementation of exception-tolerant abduction
algorithms enables marketing teams to identify and
capitalize on unexpected consumer behavior patterns
that represent untapped market opportunities.

5.2. Limitations and Challenges in AI-Driven
Attribution Implementation

Despite the significant performance improvements
demonstrated by Al-driven attribution models, several
limitations and challenges remain for small appliance
retailers seeking to implement these systems. The
computational complexity of real-time attribution
models requires substantial infrastructure investment,
potentially limiting adoption among smaller retailers
with constrained technology budgets. Privacy concerns
present  significant  implementation  challenges,
particularly as regulatory frameworks continue to
evolve around consumer data usage and tracking. The
methodology for anomaly explanation using metadata
requires structured data governance practices that may
exceed the capabilities of many small appliance
retailers.

Attribution model accuracy depends heavily on the
quality and comprehensiveness of input data, creating
implementation challenges for retailers with fragmented
customer data or limited visibility across marketing
channels. The exception-tolerant abduction algorithms
that enable sophisticated pattern recognition in
attribution analysis require specialized expertise to
implement and maintain effectively[18]. Technical
integration with existing marketing platforms and
technology  infrastructure  presents  additional
implementation hurdles, particularly for retailers
operating legacy systems. Attribution model
performance may degrade in markets with rapid
consumer behavior shifts or emerging channels not
represented in historical training data. Small appliance
manufacturers face additional challenges in attribution
implementation when operating through third-party
retail channels where direct customer interaction data is
limited or unavailable.
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