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Abstract

In the increasingly complex digital marketing landscape, 

accurately attributing conversions to specific touchpoints 

across a consumer’s journey is critical for campaign 

optimization and budget efficiency. Traditional heuristic 

models such as last-touch or linear attribution fail to capture 

the dynamic, multi-channel interactions that influence 

consumer behavior. Machine Learning (ML) attribution 

models offer a more robust, data-driven approach by 

leveraging algorithmic, probabilistic, and predictive 

techniques to estimate the marginal contribution of each 

touchpoint. This explores the application of ML attribution 

models—such as Markov chains, Shapley value 

frameworks, gradient boosting machines, and deep learning 

networks—in real-time marketing optimization scenarios. 

The integration of ML attribution models into real-time 

marketing pipelines presents significant performance and 

deployment challenges. Key evaluation metrics—such as 

area under the curve (AUC), log-loss, and uplift—are 

assessed to benchmark the effectiveness of these models 

against traditional baselines. Simulation-based evaluations 

and real-world case studies are employed to validate model 

predictions and assess their impact on business performance 

indicators like return on ad spend (ROAS) and cost-per-

acquisition (CPA). Despite their promise, the 

operationalization of ML attribution models is hindered by 

data quality issues, identity resolution complexities, 

regulatory compliance (e.g., GDPR, CCPA), and system 

scalability constraints. Additionally, ensuring 

interpretability and transparency remains a central concern 

for stakeholder adoption and trust. Organizational silos 

between marketing, engineering, and data science teams 

further compound deployment difficulties. This emphasizes 

the need for hybrid attribution frameworks, combining the 

strengths of rule-based and ML-driven logic, alongside 

investments in real-time data infrastructure and explainable 

AI techniques. As marketing continues to move toward 

automation and personalization, ML-based attribution 

systems represent a strategic asset. However, realizing their 

full potential will require overcoming substantial technical, 

organizational, and ethical hurdles to ensure scalable, 

accountable, and actionable insights in real time. 

Keywords: Machine Learning, Attribution Models, Real-Time, Marketing Optimization, Performance Evaluation, 

Deployment Challenges 

1. Introduction 

In the digital marketing ecosystem, where customer journeys span numerous platforms and devices, understanding how and 

why consumers convert has become both critically important and increasingly complex (Alonge et al., 2023; Uwaoma et al., 
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2023 [62]). Attribution modeling plays a central role in 

quantifying the impact of marketing touchpoints—such as 

ads, emails, search queries, and social media interactions—

on consumer actions like purchases, sign-ups, or downloads. 

Attribution enables marketers to assess which channels and 

messages are driving performance, thereby informing 

strategic decisions regarding media mix, content design, and 

customer segmentation (Kufile et al., 2023; Umezurike et 

al., 2023 [61]). In particular, accurate attribution supports two 

core functions; optimizing budget allocation across channels 

to maximize return on investment (ROI) and enhancing 

personalization strategies to increase engagement and 

conversion rates (Kufile et al., 2023; Oguejiofor et al., 

2023) [53]. 

Traditional attribution models, including first-touch, last-

touch, linear, and time-decay approaches, have long been 

used to estimate the value of marketing interactions (Ozobu 

et al., 2023 [59]; Kufile et al., 2023). However, these rule-

based models are simplistic and often fail to capture the 

complex, non-linear, and multi-touch nature of modern 

customer journeys. For instance, a consumer may interact 

with several ads, visit a website multiple times, engage with 

social content, and receive an email before ultimately 

converting. Assigning disproportionate credit to a single 

touchpoint in such a scenario leads to distorted performance 

metrics and suboptimal decision-making (Adekunle et al., 

2023; Odionu and Ibeh, 2023 [51]). Furthermore, with the 

proliferation of marketing channels, devices, and privacy 

constraints, the limitations of traditional models have 

become increasingly evident. 

The rise of machine learning (ML) in attribution modeling 

offers a powerful alternative by leveraging data-driven 

techniques that can learn patterns in customer behavior and 

estimate the incremental impact of each touchpoint. Unlike 

static heuristics, ML algorithms such as gradient boosting, 

Markov chains, and neural networks can model interactions 

across time and platforms, accommodate contextual 

variables (e.g., user intent, device type, time of day), and 

generate probabilistic or marginal contribution estimates 

(Adekunle et al., 2023; Adeyemo et al., 2023 [18]). These 

capabilities make ML particularly well-suited for multi-

touch attribution in highly dynamic and personalized 

marketing environments. 

Beyond accuracy, a key advantage of ML-based attribution 

is its ability to integrate with real-time decision-making 

systems. In modern digital marketing operations, decisions 

such as bid adjustments, budget shifts, and creative 

optimization often need to occur in milliseconds (Hassan et 

al., 2023; Adekunle et al., 2023). ML models can be 

deployed as part of streaming analytics pipelines, enabling 

continuous learning from incoming data and real-time 

attribution scoring. This allows marketers to dynamically 

adapt campaigns based on current performance signals, 

rather than relying on retrospective reports. For example, 

reinforcement learning models can adjust budget allocation 

policies in real-time based on the estimated marginal returns 

of ongoing campaigns. 

The convergence of ML with real-time data infrastructure 

represents a fundamental shift in attribution science—from 

descriptive analysis to prescriptive optimization. However, 

this shift also introduces new challenges related to model 

validation, deployment complexity, interpretability, and 

ethical use (Myllynen et al., 2023 [50]; Hassan et al., 2023). 

As organizations increasingly embrace data-driven 

marketing strategies, it becomes essential to develop 

attribution frameworks that are not only predictive and 

scalable but also transparent, privacy-compliant, and aligned 

with business objectives (Adelusi et al., 2023; Hassan et al., 

2023). 

Attribution modeling is a cornerstone of performance-driven 

marketing in the digital age, and its evolution is being 

rapidly accelerated by machine learning. ML's ability to 

decode complex customer journeys and operate within real-

time environments enables marketers to make more 

informed, timely, and impactful decisions. As this transition 

unfolds, the development and deployment of robust ML 

attribution systems will be a key differentiator for 

organizations seeking to optimize their marketing 

investments and deepen their engagement with increasingly 

data-savvy consumers (Ojika et al., 2023 [54]; Adelusi et al., 

2023). 

 

2. Methodology 

This followed the PRISMA 2020 (Preferred Reporting Items 

for Systematic Reviews and Meta-Analyses) guidelines to 

systematically review literature on machine learning 

attribution models for real-time marketing optimization, 

with a focus on performance evaluation and deployment 

challenges. A comprehensive search strategy was 

implemented across several academic and industry 

databases, including IEEE Xplore, ACM Digital Library, 

Scopus, Web of Science, Google Scholar, and arXiv. 

Additionally, grey literature and white papers were 

considered from sources such as the Marketing Science 

Institute to capture emerging and applied developments in 

the field. 

Studies published between 2015 and 2025 were eligible, 

with the final search completed in July 2025. Inclusion 

criteria required that articles present machine learning-based 

marketing attribution models applied to real-time or near-

real-time marketing environments. Eligible studies had to 

discuss either model performance evaluation (such as AUC, 

log-loss, or ROI uplift) or deployment considerations, such 

as data infrastructure, latency management, or scalability in 

production systems. Excluded were works focused 

exclusively on rule-based or heuristic attribution without 

machine learning components, as well as those lacking 

methodological transparency or relevance to real-time 

applications. Only English-language, peer-reviewed 

materials or technically rigorous preprints were considered. 

Search queries were constructed using Boolean 

combinations of terms such as “machine learning,” 

“attribution models,” “multi-touch attribution,” “real-time 

marketing,” “streaming analytics,” “performance 

evaluation,” “model validation,” and “deployment 

challenges.” All titles and abstracts were screened by two 

independent reviewers. Discrepancies were resolved through 

consensus or by consultation with a third reviewer. Full 

texts of potentially eligible studies were retrieved and 

assessed against the predefined inclusion criteria. 

Data extraction was performed using a structured form 

capturing study metadata, model architecture (e.g., logistic 

regression, Markov chains, deep learning, reinforcement 

learning), training and validation methods, use of real-time 

data pipelines, performance metrics, and any discussion of 

production-level deployment. Bias was assessed using a 

modified ROBIS tool adapted for machine learning 

contexts, considering factors such as the reproducibility of 
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model validation, the completeness of real-time data 

descriptions, and potential selective reporting of outcomes. 

The synthesis of results was both qualitative and 

quantitative. Studies were grouped thematically based on 

model type, evaluation techniques, and deployment 

strategies. Where applicable, performance metrics were 

compared across studies to highlight benchmarks and 

emerging standards. Qualitative insights on system 

architecture, operational trade-offs, and real-world 

constraints were also analyzed to contextualize the maturity 

and limitations of current attribution modeling approaches in 

practice. 

This PRISMA-based methodology ensured systematic 

coverage of the literature and provided a robust foundation 

for identifying gaps, challenges, and future directions in the 

deployment of machine learning attribution models for real-

time marketing optimization. 

 

2.1 Machine Learning Attribution Models 

Machine learning (ML) attribution models have emerged as 

powerful tools for decoding the complex dynamics of 

customer behavior in digital environments. Unlike 

traditional heuristic-based models, ML attribution 

approaches leverage computational intelligence to uncover 

latent patterns in user interactions, thereby offering more 

precise and actionable insights into the contribution of 

various marketing touchpoints (Oladuji et al., 2023; Adelusi 

et al., 2023). These models can be broadly classified into 

three major categories: algorithmic and probabilistic models, 

supervised learning methods, and reinforcement learning 

approaches as shown in Fig 1. Each of these classes offers 

unique strengths in modeling attribution in multi-touch, 

multi-channel marketing settings. 

Originating from cooperative game theory, Shapley value 

models have been adapted to marketing attribution to fairly 

allocate credit among different touchpoints in a customer 

journey. The Shapley value represents the average marginal 

contribution of a touchpoint across all possible permutations 

of touchpoint sequences (Adelusi et al., 2023; Oladuji et al., 

2023). This method accounts for the interdependencies 

among channels and provides a theoretically sound and 

equitable distribution of attribution credit. While 

computationally intensive—especially with many 

touchpoints—approximation methods and sampling 

techniques have been developed to make Shapley-based 

attribution scalable. It has the advantage of fairness and 

robustness, particularly when marketing channels exhibit 

strong synergies or redundancies. 

 

 
 

Fig 1: Machine Learning Attribution Models 

Markov chain models conceptualize customer journeys as 

stochastic processes, where each touchpoint represents a 

state and transitions between states occur with certain 

probabilities. These models calculate the removal effect, 

estimating the impact of a touchpoint by measuring the 

change in conversion probability when that touchpoint is 

omitted. Markov-based models are well-suited for sequential 

path analysis and can capture the indirect influence of 

intermediate or assistive touchpoints. Moreover, first-order 

and higher-order Markov chains can model memory in user 

journeys, providing granularity in understanding how earlier 

interactions affect eventual conversion outcomes. 

Bayesian networks employ directed acyclic graphs to model 

the probabilistic relationships among touchpoints and 

outcomes. Each node represents a variable (e.g., a marketing 

interaction or a conversion event), and edges represent 

conditional dependencies. Bayesian models are particularly 

useful for incorporating domain knowledge and handling 

uncertainty, missing data, or latent variables. These 

networks can estimate posterior probabilities of conversion 

given a set of observed touchpoints, enabling nuanced 

attribution even in sparse or noisy datasets. Additionally, 

Bayesian approaches support causal inference, offering 

insights into not only correlations but also potential causal 

effects of marketing interventions. 

Supervised learning approaches model attribution as a 

classification or regression problem, where the goal is to 

predict conversion likelihood based on a feature set derived 

from touchpoint data. Logistic regression provides 

interpretable coefficients and is suitable for modeling linear 

relationships. Decision trees and ensemble methods like 

gradient boosting machines (GBMs) offer non-linear 

modeling capabilities and capture complex feature 

interactions. These models can incorporate variables such as 

frequency, recency, channel sequence, and user 

demographics to enhance predictive accuracy. GBMs, in 

particular, strike a balance between interpretability and 

performance, making them popular in practical marketing 

analytics. 

Deep learning architectures, especially recurrent neural 

networks (RNNs), long short-term memory (LSTM) 

networks, and transformer-based models, are increasingly 

used to model the temporal dynamics of customer journeys 

(Adewuyi et al., 2023; Adelusi et al., 2023). These models 

excel at capturing long-range dependencies and non-linear 

relationships in sequential data, enabling them to learn rich 

representations of behavior over time. For instance, LSTMs 

can model the cumulative effect of a series of impressions 

across devices, while transformers can incorporate attention 

mechanisms to weigh touchpoints based on relevance. 

Although deep learning models often lack interpretability, 

techniques like SHAP and attention heatmaps can help 

extract attribution insights post hoc. 

Reinforcement learning (RL) offers a dynamic and adaptive 

framework for attribution by treating marketing interactions 

as a sequence of decisions within an environment that 

evolves over time. In RL, an agent (e.g., a marketing 

optimizer) learns to allocate credit or adjust spend based on 

reward signals such as conversions or ROI. The 

environment comprises customer interactions and campaign 

states, while the policy defines the strategy for action 

selection. Over time, the agent learns optimal attribution and 

budget allocation policies through exploration and 

exploitation. 
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Contextual bandits, a subclass of RL models, are 

particularly suited for real-time personalization, where the 

model selects the best action (e.g., which ad to show) given 

the context (e.g., user profile, time, device). These models 

continuously learn from user feedback and update 

attribution scores dynamically, enabling more granular 

control of campaign execution. RL models are also useful in 

multi-objective scenarios, where the agent must balance 

competing goals such as conversions, engagement, and 

retention. 

However, RL-based attribution presents challenges in terms 

of data efficiency, exploration risk, and system integration. 

Designing appropriate reward functions and ensuring stable 

convergence require domain expertise. Nonetheless, as 

marketing systems become more autonomous and real-time, 

reinforcement learning offers a promising direction for 

building self-optimizing attribution engines. 

Machine learning offers a diverse and powerful suite of 

attribution models capable of overcoming the limitations of 

traditional approaches. From probabilistic fairness and 

sequential path modeling to predictive accuracy and 

adaptive learning, ML-driven attribution methods allow for 

deeper insights and more responsive marketing strategies 

(Adelusi et al., 2023; Ajuwon et al., 2023 [20]). Choosing the 

right model depends on the specific use case, available data, 

required interpretability, and system constraints. As these 

models become increasingly integrated into real-time 

pipelines, their ability to deliver timely, personalized, and 

efficient marketing interventions will continue to grow in 

importance. 

 

2.2 Real-Time Marketing Optimization with ML 

Attribution 

Real-time marketing optimization is increasingly driven by 

machine learning (ML)-based attribution models that can 

evaluate customer touchpoints across channels and deliver 

actionable insights at scale as shown in Fig 2. Traditional 

static models and rule-based attribution approaches are no 

longer sufficient for modern marketing ecosystems that 

require rapid, data-driven decision-making. The integration 

of ML attribution within real-time marketing infrastructures 

enables brands to allocate resources more efficiently, 

personalize experiences dynamically, and adapt to user 

behaviors as they unfold (Adewuyi et al., 2023; Anyebe et 

al., 2023 [27]). This explores the operationalization of ML 

attribution models through real-time data integration, 

campaign decision support, and adaptive feedback 

mechanisms. 

At the core of real-time marketing optimization is the ability 

to ingest and process streaming data from a diverse array of 

sources. These include ad platforms (e.g., Google Ads, Meta 

Ads), customer relationship management (CRM) systems, 

web and mobile analytics platforms (e.g., Google Analytics, 

Mixpanel), and offline sales data when integrated through 

APIs or event ingestion systems. Machine learning 

attribution models require temporally aligned, user-

identified data streams to effectively estimate the marginal 

impact of each touchpoint, often using models such as 

logistic regression, survival analysis, or deep neural 

networks (Along et al., 2023; Akinboboye et al., 2023). 

 
 

Fig 2: Real-Time Marketing Optimization with ML Attribution 

 

Latency is a critical constraint in this process. For ML 

attribution to inform campaign actions in real time—such as 

pausing low-performing ads or reallocating budget—it must 

operate within strict sub-second or sub-minute thresholds. 

This requirement necessitates the use of real-time data 

platforms such as Apache Kafka, Apache Flink, or Spark 

Streaming, which can deliver low-latency, high-throughput 

pipelines. Edge computing also plays a growing role, 

particularly for mobile or IoT-based marketing channels, 

where decision latency must be minimized at the point of 

data generation. Deploying lightweight ML inference 

engines at the edge enables quicker attribution scoring and 

relevance assessment, especially in personalization use cases 

(Fagbore et al., 2022 [33]; Kufile et al., 2022). 

Machine learning attribution does not function solely as a 

measurement tool but increasingly as an integral component 

of campaign execution and optimization. Once attribution 

scores or uplift estimates are generated, these metrics can be 

directly fed into programmatic decision engines. For 

instance, real-time bidding (RTB) systems can use 

attribution-derived user value predictions to adjust bids 

dynamically in ad exchanges. Similarly, media budget 

allocation across channels or campaigns can be optimized 

by identifying underperforming segments and reallocating 

funds to high-ROI touchpoints. 

Another important use case is automated creative testing. 

Attribution models can detect the impact of different 

messaging or visual elements on conversion behavior, 

allowing marketers to continuously rotate creatives based on 

real-time performance (Otokiti and Onalaja, 2022; Ibitoye 

and Mustapha, 2022) [58, 40]. This testing goes beyond static 

A/B testing by incorporating multi-arm bandit algorithms 

and contextual multi-touch attribution logic. 

Personalization engines also benefit from ML attribution. 

Real-time user-level scoring enables content 

recommendation systems to prioritize content, promotions, 

or call-to-action sequences with higher inferred value. When 

integrated into customer data platforms (CDPs), these 

insights can drive adaptive web experiences, personalized 

email sequences, or in-app messaging flows that are 

continuously refined based on ongoing performance 

feedback (Crawford et al., 2023; Agboola et al., 2023) [30, 

19]. 
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Sustainable real-time optimization requires robust feedback 

loops and the ability for models to adapt to changing user 

behavior, market conditions, and campaign goals. A key 

architectural decision involves whether to use batch training 

(e.g., daily retraining from full datasets) or online learning 

approaches, where models update continuously as new data 

arrives (Kufile et al., 2022; Evans-Uzosike et al., 2022 [31]). 

Online learning is particularly suited for non-stationary 

environments, such as e-commerce or political campaigns, 

where user preferences shift rapidly and response windows 

are narrow. 

Machine learning models like adaptive gradient descent, 

contextual bandits, or reinforcement learning can 

incorporate new interactions in near real-time, improving 

prediction quality without requiring full retraining. 

However, online learning introduces additional challenges in 

model stability, data drift detection, and interpretability—

especially when models are deployed in production 

environments with automated decision-making authority. 

Real-time A/B testing frameworks and uplift measurement 

systems close the loop between attribution and optimization. 

Rather than relying solely on observational data, uplift 

modeling and counterfactual inference can be embedded 

into the experimentation layer, allowing marketers to 

measure the incremental impact of campaigns with high 

precision. Using techniques such as inverse propensity 

weighting or doubly robust estimators, these systems enable 

causal inference at speed, facilitating evidence-based 

decisions even in high-velocity environments. 

Ultimately, the combination of real-time data ingestion, 

dynamic decision support, and continuous model learning 

forms the foundation of next-generation marketing 

ecosystems. Machine learning attribution models enable not 

just the measurement of marketing performance but the 

proactive steering of it, creating a virtuous cycle of 

optimization that is faster, more granular, and more 

responsive than traditional methods. 

 

2.3 Performance Evaluation of ML Attribution Models 

Evaluating the performance of machine learning (ML) 

attribution models is critical to ensure their reliability, 

accuracy, and relevance in guiding marketing decisions. 

Unlike traditional rule-based approaches, ML models offer a 

data-driven understanding of touchpoint effectiveness; 

however, their complexity necessitates rigorous validation 

protocols (Adanigbo et al., 2023; Friday et al., 2023 [34]). 

The evaluation of ML attribution models extends beyond 

predictive accuracy—it must also capture economic impact, 

business relevance, and robustness in real-world 

environments. This section explores key dimensions of 

performance evaluation, including validation metrics, 

benchmarking against heuristics, simulation-based testing, 

and business impact assessment. 

Incrementality is a core metric for attribution, aiming to 

quantify the causal impact of marketing activities. It 

measures how many additional conversions can be attributed 

to a specific touchpoint or channel beyond what would have 

occurred naturally. ML models should strive to approximate 

this counterfactual scenario, especially in high-stakes 

applications like programmatic bidding or multi-channel 

budget allocation. Incrementality can be estimated through 

controlled experiments or uplift modeling, and it serves as a 

reality check against overfitting or spurious correlations. 

Accuracy reflects the model’s ability to correctly classify 

conversions versus non-conversions. While standard 

classification metrics such as AUC (Area Under the ROC 

Curve) and log-loss are commonly used, their application in 

attribution modeling is nuanced. A high AUC indicates 

strong discriminative power between converting and non-

converting journeys, while low log-loss and cross-entropy 

values imply better probabilistic calibration of predicted 

outcomes. In attribution, probabilistic accuracy is especially 

important since models often assign partial credit to multiple 

touchpoints rather than binary outcomes. Thus, evaluation 

must consider not only whether a conversion is predicted 

correctly, but also how accurately each touchpoint's 

contribution is estimated. 

To establish the added value of ML attribution, it is essential 

to benchmark against traditional heuristic models. Common 

baselines include; Last-touch attribution, which assigns 

full credit to the final interaction before conversion. First-

touch attribution, which gives full credit to the initiating 

interaction. Linear attribution, which distributes credit 

evenly across all touchpoints. Time-decay attribution, 

which applies exponentially decreasing weights to 

touchpoints as they get further from the conversion event. 

These models are simple, transparent, and widely adopted, 

making them useful for establishing interpretability and 

stakeholder buy-in. However, they often fail to capture real 

influence patterns, particularly in campaigns involving 

retargeting, cross-device browsing, or multi-step 

consideration phases. ML models should be evaluated 

against these heuristics not only in terms of predictive 

metrics, but also in their ability to capture hidden synergies 

or non-linear interactions among channels. Comparative 

analysis using the same dataset allows organizations to 

quantify improvements in accuracy, bias reduction, and 

actionable insights delivered by ML-based systems 

(Adanigbo et al., 2023; Ezeh et al., 2023 [32]). 

Since direct causal inference is challenging in observational 

data, simulation-based evaluation serves as a valuable 

proxy. By constructing synthetic customer journeys that 

mirror real-world engagement patterns, researchers can 

embed known ground truth attribution values and test 

whether ML models can recover these values. This approach 

enables systematic testing under controlled conditions, 

including different noise levels, sequence lengths, and 

interaction types. 

Counterfactual scenarios are also simulated to test model 

stability and sensitivity. For example, what would have 

happened to conversion probability if a given touchpoint 

had not occurred? By manipulating individual variables and 

observing model outputs, analysts can identify overreliance 

on spurious correlations or underrepresentation of long-tail 

effects. Additionally, simulations allow experimentation 

with rare or hypothetical campaign structures that may not 

exist in historical data, offering a safe environment to stress-

test attribution models before live deployment. 

Ultimately, the value of an ML attribution model lies in its 

contribution to improved business outcomes. Return on 

Investment (ROI) uplift is a key metric that quantifies the 

financial benefit obtained from decisions guided by ML 

attribution. If a model leads to better budget allocation, more 

relevant messaging, or higher conversion rates, these gains 

should be measurable in monetary terms. Controlled 

experiments, such as randomized holdout groups or pre-post 
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comparisons, help isolate the effect of ML-driven 

optimization on ROI. 

Channel efficiency is another important dimension. By 

identifying under- or over-performing channels more 

accurately than heuristic models, ML attribution enables 

smarter investment reallocation. For example, if a model 

reveals that a previously undervalued email campaign is 

actually a strong contributor to late-stage conversions, 

resources can be shifted accordingly. Improved channel 

efficiency translates into reduced waste and increased cost-

effectiveness. 

Conversion accuracy is also critical from an operational 

perspective. Models that can better predict who is likely to 

convert, and why, enable more precise retargeting and lead 

scoring. This, in turn, improves customer experience and 

reduces the risk of oversaturation or irrelevant messaging. 

Business teams benefit from insights that are not only 

predictive but also actionable—insights that guide decisions 

about content strategy, customer journey design, and cross-

channel coordination (Lawal et al., 2023; Adanigbo et al., 

2023). 

Moreover, business impact assessments must consider the 

timeliness and interpretability of attribution insights. Real-

time or near-real-time attribution scores can directly feed 

into campaign automation systems, enabling continuous 

learning and adaptive strategies. However, if models are too 

complex to interpret, marketing teams may be reluctant to 

trust or act upon them. Therefore, performance evaluation 

should also include qualitative feedback from users, along 

with traditional quantitative metrics. 

Evaluating ML attribution models is a multidimensional task 

that blends statistical rigor with business pragmatism. 

Robust validation metrics, meaningful baselines, simulation 

experiments, and economic impact analyses are all essential 

to ensure that these models deliver not just predictive 

accuracy, but real-world value. As ML becomes more 

integrated into marketing decision-making pipelines, 

comprehensive performance evaluation will play a pivotal 

role in driving trust, adoption, and continual improvement. 

 

2.4 Deployment Challenges 

While machine learning (ML) attribution models offer the 

promise of transforming marketing strategies through data-

driven optimization, their successful deployment in real-

time environments presents a series of technical, 

organizational, and regulatory challenges as shown in Fig 3 

(Ezeh et al., 2023 [32]; Lawal et al., 2023). These range from 

ensuring high-quality, privacy-compliant data streams to 

achieving system scalability and cross-functional alignment. 

Addressing these deployment hurdles is essential to realize 

the full potential of attribution in supporting intelligent, 

automated marketing decision-making at scale. 

A foundational challenge in deploying ML attribution 

models lies in ensuring the completeness, consistency, and 

granularity of input data. Attribution accuracy is heavily 

dependent on the availability of high-quality event-level 

data that captures user interactions across multiple 

touchpoints. However, missing data due to ad blockers, 

tracking limitations, or platform restrictions can bias 

attribution outcomes. Additionally, identity resolution 

remains a persistent difficulty, especially in environments 

where users interact across devices, browsers, and 

platforms. The inability to unify these interactions under a 

coherent user ID hinders the ability of attribution models to 

correctly assess the full customer journey. 

 

 
 

Fig 3: Deployment Challenges 

 

Cross-device tracking, in particular, poses both a technical 

and regulatory challenge. The reliance on third-party 

cookies has been steadily eroding, forcing organizations to 

adopt privacy-centric tracking mechanisms such as first-

party cookies, server-side tagging, or consent-based identity 

graphs. Moreover, the rise of data privacy regulations such 

as the General Data Protection Regulation (GDPR) in 

Europe and the California Consumer Privacy Act (CCPA) in 

the United States imposes strict constraints on the collection, 

processing, and storage of personally identifiable 

information (PII). Compliance requires models to operate on 

pseudonymized or aggregated data, and necessitates 

rigorous consent management systems that can restrict data 

flows dynamically based on user preferences. 

Another major barrier to deployment is the interpretability 

of ML attribution models. While black-box models such as 

deep neural networks or ensemble methods may offer high 

predictive accuracy, they often lack the transparency 

required for stakeholder trust and regulatory approval. 

Marketing teams and decision-makers need to understand 

how and why attribution scores are assigned to particular 

touchpoints to justify budget reallocations or campaign 

changes. Without explainability, organizations risk 

undermining confidence in model outputs, regardless of 

their empirical performance. 

In regulated industries such as finance, healthcare, or 

political advertising, there is also a growing demand for 

explainable AI (XAI) that meets compliance standards. 

Techniques such as SHAP (SHapley Additive exPlanations), 

LIME (Local Interpretable Model-Agnostic Explanations), 

and counterfactual reasoning are increasingly being adopted 

to provide post hoc explanations for model predictions. 

However, integrating these methods into real-time pipelines 

introduces additional computational overhead and 

complexity (Alonge et al., 2023; Ilori, 2023). Balancing the 

trade-off between model performance and interpretability is 

thus a critical consideration in operationalizing attribution 

systems. 

Real-time marketing environments operate at massive scale, 

often processing millions to billions of ad impressions, 

clicks, and conversions per day. Attribution models must 

therefore be designed to deliver inference at low latency, 

without compromising accuracy. Scaling attribution logic to 

this level requires the deployment of distributed data 
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infrastructure and model-serving capabilities. 

Typical approaches include using GPU-accelerated 

inference engines, partitioned model scoring across cloud-

native platforms (e.g., AWS SageMaker, GCP Vertex AI), 

and low-latency data streaming tools like Apache Kafka or 

Flink. However, as data volumes increase, so do the costs 

associated with storage, bandwidth, and compute. 

Furthermore, maintaining consistent performance during 

high-traffic periods or real-time bidding windows requires 

robust load balancing, autoscaling, and failover 

mechanisms. 

Latency is another critical constraint. Attribution scores 

need to be computed and delivered within milliseconds to 

inform bid decisions, content personalization, or 

recommendation engines. Any delay can lead to missed 

impressions, poor user experience, or suboptimal ad 

spending. Therefore, engineering teams must tightly couple 

model serving with event ingestion and design for fault 

tolerance and throughput optimization. 

Beyond the technical stack, one of the most underestimated 

challenges in deploying ML attribution systems is 

organizational alignment. Attribution modeling sits at the 

intersection of marketing strategy, data science, and 

engineering operations. Each of these functions brings 

distinct priorities, languages, and expectations, which can 

hinder collaboration if not carefully managed. 

Data scientists often focus on algorithmic performance and 

methodological soundness, while marketers prioritize 

actionable insights and campaign outcomes (Ilori, 2023; 

Ugbaja et al., 2023 [60]). Engineers, in turn, are concerned 

with system reliability, maintainability, and runtime 

efficiency. Bridging these perspectives requires strong 

product ownership, shared KPIs, and agile workflows that 

accommodate experimentation and iteration. 

Change management also plays a critical role. Marketers 

accustomed to rule-based or last-click attribution may resist 

transitioning to probabilistic or model-based systems, 

especially if model outputs challenge intuitive 

interpretations. Building trust requires transparency in 

model logic, extensive stakeholder training, and 

demonstration of incremental value through pilots or 

controlled rollouts. Moreover, aligning attribution models 

with business objectives and decision-making frameworks 

ensures that insights translate into real-world impact rather 

than academic metrics. 

Deploying ML-based attribution models for real-time 

marketing optimization involves navigating a complex 

landscape of data quality, interpretability, scalability, and 

organizational dynamics. Overcoming these barriers 

demands not only robust technical architecture but also 

cross-functional collaboration and a commitment to 

transparency and compliance. Only through holistic 

alignment can attribution modeling move from theory to 

operational success. 

 

2.5 Case Studies and Industry Applications 

Machine learning (ML) attribution models have 

demonstrated substantial value across various industries by 

enabling organizations to better understand customer 

behavior, optimize marketing investments, and personalize 

user experiences (Ogeawuchi et al., 2023; Akpe et al., 2023) 
[52, 22]. This section presents three industry-specific case 

studies—e-commerce, media and entertainment, and B2B 

marketing—that illustrate the practical applications and 

benefits of ML-based attribution frameworks. 

E-commerce businesses operate in a highly competitive, 

multi-channel environment where customers interact with 

brands across paid search, email campaigns, social media, 

display ads, and mobile apps. Understanding the 

contribution of each channel to a conversion is critical for 

optimal budget allocation and campaign management. 

A leading global e-commerce retailer implemented an ML-

based attribution model leveraging Shapley values to assign 

credit fairly across various customer touchpoints. Unlike 

traditional last-touch models, the Shapley value approach 

considers all possible permutations of touchpoints and 

estimates the marginal contribution of each to the final 

conversion. This enabled the retailer to recognize the 

importance of mid-funnel channels, such as email and 

retargeting ads, which were previously undervalued. 

To enhance responsiveness, the model was deployed within 

a real-time decision-making infrastructure using 

streaming data pipelines. Attribution scores were updated 

continuously, and integrated into automated bidding systems 

that dynamically adjusted spend across channels based on 

their real-time effectiveness. As a result, the company 

achieved a 15% uplift in return on ad spend (ROAS) and a 

20% improvement in conversion rate, while reducing 

customer acquisition costs through more informed budget 

reallocation. 

This case illustrates how Shapley-based ML attribution, 

when integrated into real-time systems, empowers e-

commerce marketers to make data-driven decisions that 

significantly improve campaign efficiency. 

In the media and entertainment industry, user engagement is 

driven by personalized content experiences across multiple 

platforms, including websites, apps, smart TVs, and 

streaming services. Understanding which content sequences 

lead to sustained engagement or subscription renewals is 

essential for optimizing recommendation engines and 

content strategies (Collins et al., 2023; Okolie et al., 2023) 
[29, 55]. 

A global streaming platform employed sequence-based ML 

models, specifically recurrent neural networks (RNNs) 

and transformer architectures, to model user content 

consumption patterns. These deep learning models captured 

the temporal dynamics and contextual relevance of 

different content touchpoints, assigning attribution scores to 

series episodes, promotional trailers, push notifications, and 

social media mentions. 

By interpreting sequence patterns that led to subscription 

upgrades or reduced churn, the model identified high-

performing content clusters and engagement paths. 

Attribution insights were then used to personalize content 

recommendations and promotional strategies for different 

user segments. 

Additionally, attribution outputs were shared with content 

creators to inform programming and acquisition decisions. 

For example, shows that consistently appeared in high-

conversion sequences received increased promotional 

budgets or early renewals. The platform reported a 25% 

increase in viewer retention and a 10% improvement in 

upsell conversions after integrating ML attribution insights 

into their content recommendation and marketing pipelines. 

This case demonstrates the power of ML-based attribution 

models in understanding complex, content-driven 
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engagement journeys and enabling more effective 

personalization in the entertainment industry. 

Business-to-business (B2B) marketing presents unique 

challenges for attribution due to long sales cycles, multiple 

decision-makers, and account-based targeting strategies. 

Traditional attribution models, which focus on individual 

users and short conversion windows, are ill-suited for this 

context. 

A major enterprise software provider addressed these 

challenges by developing an account-based attribution 

model using a combination of gradient boosting machines 

(GBMs) and Bayesian networks. The model aggregated 

signals across multiple stakeholders within an account, 

including webinar attendance, whitepaper downloads, sales 

outreach, email opens, and LinkedIn ad clicks. 

To model the complex, indirect relationships between 

touchpoints and final deal closure, Bayesian networks were 

employed to represent the probabilistic dependencies 

among interactions across an entire buying committee. 

GBMs complemented this by identifying key features and 

nonlinear interactions that predicted account conversion 

probability. 

The solution also incorporated lead scoring and pipeline 

forecasting tools, enabling sales teams to prioritize 

accounts based on their attributed engagement levels. In 

deployment, the model improved forecast accuracy by 18% 

and helped the company reduce its average sales cycle 

duration by 12%. 

This case highlights how ML attribution, when adapted to 

the account level and enriched with probabilistic modeling, 

can unlock significant strategic value in complex B2B 

marketing environments. 

Real-world applications of ML attribution models across e-

commerce, entertainment, and B2B domains showcase their 

ability to provide actionable insights, drive personalization, 

and optimize marketing spend (Hamza et al., 2023; Charles 

et al., 2023 [28]). Whether through cooperative game theory, 

sequence modeling, or probabilistic networks, ML models 

are increasingly integral to performance-driven decision-

making across industries. 

 

2.6 Future Directions 

As marketing ecosystems evolve toward increasing 

complexity, velocity, and personalization, the limitations of 

current attribution systems become more apparent. While 

machine learning (ML) models have significantly advanced 

multi-touch attribution capabilities, future innovations must 

address deeper causal understanding, privacy concerns, 

interpretability, and automation (Adesemoye et al., 2023; 

Hamza et al., 2023). Emerging approaches in causal 

inference, hybrid modeling, federated learning, and 

autonomous marketing agents are poised to redefine 

attribution and campaign optimization in the years ahead. 

Traditional attribution models—whether heuristic or data-

driven—often rely on correlational logic, assigning weights 

based on observed relationships between user interactions 

and outcomes. However, these approaches are susceptible to 

bias, particularly when underlying confounders are 

unobserved or when touchpoints exhibit strong temporal or 

structural dependencies. To move beyond correlation, future 

attribution frameworks will increasingly adopt causal 

inference techniques that estimate the incremental impact 

of marketing actions. 

AI-enhanced causal modeling—leveraging propensity score 

matching, inverse probability weighting, doubly robust 

estimators, or structural causal models—can infer 

counterfactual scenarios and isolate the true effect of a 

specific ad exposure or sequence. These methods can be 

integrated with ML pipelines using neural networks for 

propensity estimation or reinforcement learning for policy 

evaluation. When deployed in real-time environments, 

causal ML can inform dynamic treatment assignment, 

allowing marketers to not only measure impact but also 

continuously optimize touchpoints with statistically 

grounded confidence. 

Despite the advantages of fully machine-learned attribution 

models, many organizations still rely on heuristic 

approaches (e.g., last-click, linear, time decay) due to their 

simplicity, transparency, and ease of communication. 

However, these methods fail to capture the nuanced, non-

linear relationships among touchpoints that characterize 

modern user journeys. Future attribution systems are likely 

to combine heuristics with ML in hybrid models that 

preserve interpretability while enhancing predictive 

accuracy. 

One promising approach involves initializing model weights 

or constraints using domain-informed heuristics, which are 

then refined through supervised or reinforcement learning. 

Alternatively, ensemble frameworks can assign confidence 

scores or segment-specific weights to different model types 

based on their historical performance or fit. This allows 

organizations to retain intuitive attribution logic for 

reporting and stakeholder alignment while benefiting from 

data-driven enhancements in complex or high-stakes 

scenarios. Hybrid models can also facilitate smoother 

transitions for marketing teams moving from legacy systems 

to more sophisticated ML-based infrastructures. 

As data privacy regulations become more stringent and 

consumer expectations around data transparency grow, the 

feasibility of centralized data collection for attribution is 

increasingly limited. Federated learning offers a 

transformative approach, enabling privacy-preserving 

attribution modeling without requiring raw data to leave 

user devices or local silos. In this paradigm, models are 

trained locally on-device or within secure data 

environments, and only encrypted updates or model 

gradients are shared with a central server for aggregation. 

This decentralized approach not only enhances privacy but 

also improves model robustness by capturing behavioral 

signals closer to the source. Techniques such as differential 

privacy, secure multi-party computation (SMPC), and 

homomorphic encryption can be layered onto federated 

learning pipelines to ensure end-to-end compliance with 

laws like GDPR and CCPA. As mobile and wearable 

platforms become primary marketing channels, federated 

attribution systems will be key to balancing personalization 

and privacy at scale. 

The long-term future of marketing attribution lies in fully 

autonomous systems capable of real-time learning, 

experimentation, and execution. Inspired by developments 

in artificial intelligence and multi-agent systems, self-

optimizing campaigns driven by autonomous agents 

represent a shift from descriptive analytics to prescriptive 

and even generative marketing strategies. These agents can 

continuously monitor campaign performance, test new 

strategies through contextual bandits or reinforcement 

learning, and adjust targeting, bidding, and creative 

elements without manual intervention (Adewale et al., 2023 
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[15]; Along et al., 2023). 

Autonomous agents can collaborate through shared reward 

functions or compete within bounded constraints to explore 

optimal strategies across segments, platforms, or channels. 

Attribution becomes a feedback signal within a broader 

control system, guiding agent behavior in pursuit of 

specified business objectives such as return on ad spend 

(ROAS) or customer lifetime value (CLV). These systems 

promise not only efficiency gains but also adaptive 

marketing ecosystems that evolve in real time with market 

conditions and consumer behavior. 

The future of machine learning attribution lies in combining 

rigorous causal reasoning, hybrid intelligibility, privacy-

preserving computation, and autonomous execution. These 

innovations will collectively empower organizations to 

move from reactive measurement to proactive, self-

improving marketing strategies that operate ethically, 

transparently, and at massive scale. 

 

3. Conclusion 

Machine learning (ML)-based attribution models represent a 

significant advancement over traditional heuristic 

approaches, offering granular, data-driven insights into the 

contribution of diverse marketing touchpoints. Their ability 

to handle multi-touch, non-linear customer journeys, adapt 

in real time, and integrate with automated decision systems 

makes them particularly valuable in today’s fast-paced 

digital marketing landscape. By deploying models such as 

Shapley values, Markov chains, deep learning networks, and 

reinforcement learning agents, organizations can optimize 

campaign performance, personalize customer experiences, 

and allocate budgets more effectively. 

However, the implementation of ML attribution in real-time 

environments introduces substantial complexity. These 

models demand high-quality, integrated data streams, 

advanced technical infrastructure, and continuous 

monitoring to ensure robust and reliable outputs. 

Furthermore, the "black-box" nature of many ML models 

raises concerns about interpretability and stakeholder trust, 

especially in environments where decisions must be justified 

across marketing, data science, and executive teams. 

Rigorous performance evaluation—using metrics such as 

incrementality, cross-entropy, and business ROI uplift—is 

essential to validate these models and benchmark them 

against established baselines. Cross-functional collaboration 

between technical teams and business units is equally 

crucial for successful deployment, ensuring that attribution 

insights are actionable, trusted, and aligned with strategic 

goals. 

Looking ahead, organizations must recognize the strategic 

imperative of investing in scalable, transparent, and 

ethically governed ML attribution systems. Such 

investments not only enhance marketing efficiency but also 

build long-term competitive advantage through better 

customer understanding and responsiveness. By adopting 

responsible AI principles and prioritizing interpretability 

and fairness, businesses can harness the full potential of ML 

attribution while navigating regulatory and societal 

expectations in an increasingly data-driven world. 
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