
International Journal of Social Sciences and Management Research E-ISSN 2545-5303 
P-ISSN 2695-2203 Vol 11. No. 6 2025 www.iiardjournals.org online version 

   

 

 IIARD – International Institute of Academic Research and Development 
 

Page 57 

 

Modelling Attribution-Driven Budgeting Systems for High-Intent 

Consumer Acquisition 
 

 

Omolola Temitope Kufile1, Bisayo Oluwatosin Otokiti2, Abiodun Yusuf Onifade3, Bisi 

Ogunwale4, Chinelo Harriet Okolo5 

1Amazon Advertising, United States; lola.kufile@gmail.com 
2Department of Business and Entrepreneurship, Kwara State University, Nigeria; 

busyayo02@gmail.com 
3Independent Researcher, California, USA; biodun.onifade@gmail.com 

4Independent Researcher, Canada; bisiogunwale.wsb@gmail.com 
5University of Central Missouri, Warrensburg, Missouri, USA; Harrietokolo@gmail.com 

Corresponding Author: lola.kufile@gmail.com 

DOI: 10.56201/ijssmr.vol.11no6.2025.pg57.73 

 

Abstract 

In the increasingly fragmented digital advertising ecosystem, marketing effectiveness hinges 

on precision-targeted investments toward high-intent consumers. This paper develops a 

conceptual framework for attribution-driven budgeting systems aimed at optimizing media 

spend allocation for maximum consumer acquisition efficiency. Synthesizing over 100 

scholarly and industry sources, we present a literature-based architecture that integrates 

multi-touch attribution models, predictive analytics, and AI-enhanced budget optimization 

mechanisms. The proposed system accounts for cross-channel synergies, consumer journey 

mapping, and intent scoring to support data-informed budget decisions. The paper emphasizes 

a literature review–centric approach due to the lack of primary data, and it explores the 

evolving interplay between attribution granularity, spend elasticity, and media performance 

outcomes. Future pathways for empirical testing, privacy-centric enhancements, and real-time 

budgeting automation are also highlighted. 

 

Keywords: attribution modelling, budget optimization, high-intent consumers, media mix 

modelling, customer acquisition, predictive analytics 

 

1. Introduction 

The contemporary marketing landscape is a dynamic and highly fragmented arena where 

digital touchpoints influence consumer behavior in increasingly complex and nonlinear ways 

[1], [2], [3], [4], [5], [6], [7]. In the era of big data and precision targeting, brands strive to 

optimize their media spend in ways that drive measurable return on investment (ROI) [8], [9], 

[10], [11], [12], [13]. However, as marketing channels proliferate and consumer journeys span 

numerous platforms social media, search engines, mobile applications, and programmatic 

advertising understanding how each channel contributes to consumer conversion has become 

a formidable challenge [14], [15], [16], [17]. This issue is particularly acute when the goal is 

to acquire high-intent consumers those who demonstrate clear purchase signals and higher 

conversion likelihoods [18], [19], [20], [21], [22]. 

Attribution modeling has risen to the forefront as a methodological approach for decoding the 

impact of various marketing channels on consumer decision-making [23], [24], [25], [26]. 

These models aim to assign credit to touchpoints in a customer’s journey based on their 

influence on desired outcomes, such as purchases or sign-ups. Yet, the promise of attribution 

is often thwarted by its fragmented execution and the lack of integration into strategic 
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budgeting processes [27], [28], [29]. Despite advances in data science, machine learning, and 

real-time analytics, the translation of attribution insights into actionable budget reallocations 

remains largely underdeveloped [30], [31]. 

The traditional budgeting paradigm often linear, calendar-driven, and heuristic struggles to 

adapt to the dynamic insights derived from attribution models. Legacy budgeting systems tend 

to allocate funds based on historical performance, fixed channel preferences, or executive 

intuition rather than on data-driven assessments of marginal returns. Moreover, the rising cost 

of digital advertising, the complexity of privacy regulations, and the explosion of consumer 

data necessitate a more agile and predictive budgeting approach [32], [33], [34]. A key aspect 

of such an approach involves prioritizing high-intent audiences consumers who have not only 

interacted with brand messaging but also displayed strong behavioral indicators of imminent 

conversion [35], [36]. 

Within this context, the integration of attribution modeling into budgeting systems provides a 

compelling opportunity for innovation [37], [38]. It suggests the potential for developing 

attribution-driven budgeting systems mechanisms that leverage real-time attribution data to 

inform and continuously optimize budget allocation strategies with a specific focus on high-

intent consumer acquisition [39], [40], [41]. This vision entails not just the technological 

alignment of analytics platforms but also an organizational shift toward data-centric decision-

making and performance forecasting  [42], [43], [44]. 

However, operationalizing this integration poses several conceptual and practical challenges. 

First, the heterogeneity of attribution models ranging from heuristic approaches (e.g., first-

click, last-click) to algorithmic and data-driven models (e.g., Markov chains, Shapley value, 

deep learning) creates inconsistencies in credit assignment, making budget optimization a 

moving target [45], [46], [47], [48], [49]. Second, most attribution frameworks are 

retrospective, offering descriptive insights rather than prescriptive budgeting strategies [50], 

[51], [52]. Third, there exists a scarcity of unified frameworks that map the interplay between 

attribution-derived insights and budget reallocation processes across the consumer funnel. 

Another layer of complexity arises from the inherent uncertainty and latency in behavioral data. 

High-intent consumers may leave ambiguous digital trails or engage with multiple brands 

simultaneously, obscuring the attribution signal [53], [54]. Budgeting systems, therefore, must 

incorporate not only deterministic data but also probabilistic models and predictive analytics 

to gauge future performance under varying spend scenarios [23], [55]. Furthermore, the 

organizational infrastructure required to operationalize such systems including cross-functional 

collaboration between marketing, finance, and data science often lags behind technological 

capabilities. 

In response to these challenges, this paper proposes a conceptual framework that unifies the 

disciplines of attribution modeling, marketing budgeting, and consumer intent analytics. By 

synthesizing current literature and best practices across these domains, the framework aims to 

outline the architectural components, data flows, and decision nodes necessary for 

implementing attribution-driven budgeting systems. The goal is not merely to enhance spend 

efficiency but to systematically prioritize high-intent consumers—those most likely to deliver 

incremental value to the brand. 

The remainder of this paper is structured as follows: Section 2 provides a comprehensive 

literature review of attribution modeling, budgeting methodologies, and intent-based 

segmentation. Section 3 introduces the proposed framework architecture, detailing the data, 

model, and optimization layers. Section 4 discusses integration challenges and mitigation 

strategies. Section 5 elaborates on key implications for practitioners and researchers. Finally, 

Section 6 outlines conclusions and future research directions. 

This research contributes to the academic and professional discourse by bridging multiple silos 

attribution analytics, performance budgeting, and consumer journey modelling into a unified 
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framework that addresses the growing demand for accountable, intent-driven marketing 

investment. It aims to shift the budgeting paradigm from reactive and generalized to proactive 

and precision oriented. 

 

2. Literature Review 

2.1 Overview of Attribution Modeling 

Attribution modeling seeks to assign credit to various marketing touchpoints that lead to a 

conversion event. The literature outlines two primary streams: rule-based and data-driven 

attribution. Rule-based models, such as first-touch, last-touch, and linear attribution, are easy 

to implement but often lack sophistication and accuracy [1]. In contrast, data-driven 

approaches, such as Markov chains [2], Shapley value frameworks [3], and machine learning-

based multitouch attribution (MTA) models [4], attempt to better reflect the contribution of 

each touchpoint by leveraging user journey data. 

Recent works have emphasized probabilistic models [56], Bayesian networks [57], and neural 

attribution systems that incorporate both sequential and contextual information. Moreover, 

hybrid models combining rules and data are gaining traction [58], [59]. These methods attempt 

to resolve biases inherent in traditional models, such as the oversimplification of user behavior 

and poor representation of cross-device journeys [9]. 

 

2.2 Multi-Touch Attribution (MTA) Techniques 

Multi-touch attribution models gained prominence with the need to go beyond the last-click 

paradigm. Several MTA strategies include regression-based models [10], time-decay models 

[11], uplift modeling [12], and survival analysis [13]. Neural networks have been used for 

sequential attribution tasks, particularly using architectures like RNNs and LSTMs [60], [61]. 

Deep learning approaches such as DeepMTA and attention-based architectures allow for 

dynamic weighting of touchpoints [62]. These methods outperform static models in predicting 

conversions and understanding nonlinear engagement paths [18]. Recent research has also 

incorporated reinforcement learning to optimize budget allocation in real-time [19]. 

 

2.3 Consumer Intent Classification 

Intent-based marketing has transformed the precision of ad targeting. Intent classification 

techniques use behavioral, contextual, and demographic signals to gauge where a user stands 

in the conversion funnel [20]. Classification methods range from rule-based systems to 

supervised machine learning techniques like decision trees [63], [64], support vector machines 

[65], [66], [67], and deep neural networks [68], [69]. 

Natural Language Processing (NLP) and sentiment analysis are increasingly used to assess 

intent from queries and content consumption patterns [64], [70], [71]. Intent clustering using 

unsupervised learning also enables segmentation of users into high, medium, and low-intent 

categories [72], [73]. Combining intent signals with attribution scores is key to maximizing 

budget efficiency. 

 

2.4 Advertising Budget Allocation Models 

Budget allocation in digital advertising is driven by maximizing returns while minimizing cost. 

Optimization models include linear programming [29], mixed-integer programming [30], and 

stochastic optimization [31]. Machine learning techniques such as bandit algorithms [74], [75]  

and Bayesian optimization [33] have enhanced adaptive budgeting. 

Research on budget pacing algorithms shows methods like dynamic thresholding, rule-based 

controls [76], [77], and predictive models that factor in campaign objectives, seasonality’s, and 

externalities. Cross-channel budget optimization remains a challenge, as each platform (e.g., 

Google, Meta, TikTok) has its own auction dynamics and measurement standards [78]. 
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2.5 High-Intent Consumer Acquisition Strategies 

High-intent consumers are typically closer to the bottom of the funnel, making them more 

valuable to acquire. Strategies targeting this segment include remarketing, behavioral 

retargeting, contextual ad serving, and lookalike modeling [41]. Increasingly, firms are using 

predictive scoring models that rank users based on likelihood to convert [42]. 

Data fusion from CRM, site analytics, and ad platforms provides deeper insights into intent 

trajectories. Multi-channel orchestration helps track users across touchpoints, while Customer 

Data Platforms (CDPs) provide unified profiles [79]. Integrating these insights with attribution 

outputs allows marketers to fine-tune spend towards high-propensity audiences. 

 

2.6 Integrated Attribution-Budgeting Frameworks 

Few academic studies fully integrate attribution and budgeting, but several propose 

frameworks for aligning the two. Li and Kannan [80] discuss a unified model that adjusts spend 

based on marginal returns derived from attribution weights. Others introduce dynamic 

programming methods and Lagrangian relaxation for constrained optimization. 

Commercial platforms have adopted more sophisticated integrations Google’s Data-Driven 

Attribution (DDA) combined with Smart Bidding, for example, links attribution outcomes 

directly to bidding decisions. Meta’s Conversion Lift studies also illustrate experimental 

validation of attribution insights. 

Recent research introduces causal inference methods, such as counterfactual uplift modeling, 

and individual treatment effect estimations to connect user-level attribution with actionable 

budgeting shifts. These approaches rely on large-scale A/B testing or observational data 

corrected via propensity scoring. 

 

2.7 Gaps and Challenges in Literature 

Despite advances, challenges persist. Cross-device and cross-platform attribution remain 

technically difficult due to data silos. Privacy regulations like GDPR and CCPA constrain user 

tracking, reducing attribution fidelity. Budgeting strategies often lack transparency or 

adaptability in fast-changing markets. 

Moreover, most models assume a static or linear customer journey, whereas real-world paths 

are dynamic and nonlinear. Temporal decay effects, competitive interference, and ad fatigue 

are rarely incorporated. Few models explicitly integrate cost-efficiency metrics (e.g., ROAS, 

CPA) with attribution pathways in real time. And while AI tools offer promise, model 

interpretability and fairness are under-explored [81], [82], [83]. 

 

2.8 Summary of Literature Insights 

The review identifies a strong body of work on individual pillars: attribution, budgeting, and 

intent classification. However, integrative approaches that blend these dimensions remain 

limited. Future research should focus on: 

● Building interpretable hybrid models that unify attribution with budgetary constraints. 

● Using intent scores to prioritize touchpoints and audience segments. 

● Incorporating ethical considerations in attribution-based decisions. 

● Leveraging causal methods for model validation. 

● Integrating offline conversions and long-term brand effects into attribution systems. 

This sets the stage for developing a conceptual framework in the following sections. 

 

3. Framework Architecture 

The proposed framework for modeling attribution-driven budgeting systems integrates 

multiple components that collectively support the accurate allocation of marketing resources 

towards high-intent consumer segments. Given the diversity of media channels, the 
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complexities of consumer journeys, and the granularity of data involved, a modular and 

scalable architecture is essential. The architecture is divided into six core layers: Data 

Aggregation, Consumer Journey Mapping, Attribution Modeling Engine, Budget Optimization 

Layer, Reporting & Dashboard Layer, and Governance & Compliance. 

 

3.1 Data Aggregation Layer 

This foundational layer is responsible for collecting raw data from a multitude of digital 

marketing and customer engagement touchpoints. These include first-party data sources such 

as CRM systems, website analytics platforms (e.g., Google Analytics, Adobe Analytics), social 

media APIs (e.g., Facebook Graph API, Twitter API), third-party data brokers, and ad 

platforms like Google Ads and Amazon DSP. Data aggregation tools like Segment, Tealium, 

or mParticle may be employed to unify disparate data streams and resolve identity information 

across devices and platforms [84], [85], [86]. 

The system ensures data is timestamped, channel-tagged, and user-labeled to provide a 

coherent historical view of each customer’s interaction with the brand. The data is stored in a 

cloud-native data lakehouse (e.g., Snowflake, Databricks) to support high-performance 

processing and analytics. 

 

3.2 Consumer Journey Mapping Layer 

This layer constructs visual and analytical representations of the path’s consumers take from 

initial awareness to conversion. Journey mapping includes channel sequencing, touchpoint 

frequency analysis, dwell time measurement, and user segmentation based on intent signals. 

Machine learning clustering algorithms (e.g., DBSCAN, K-Means, and Hierarchical 

Clustering) are applied to discover patterns in customer navigation behavior [87], [88], [89] 

Advanced journey mapping also incorporates scoring models that assess the intensity and 

quality of engagements (e.g., engagement depth, session duration, page interactions) to 

distinguish between low- and high-intent signals [90], [91], [92]. The outputs are then 

integrated into the attribution model to improve path-based budgeting accuracy. 

 

3.3 Attribution Modeling Engine 

The attribution engine is the analytical core of the system. It integrates multiple modeling 

paradigms to determine the relative contribution of each marketing touchpoint to consumer 

conversion. The hybrid engine comprises: 

● Rule-Based Models: First-touch, last-touch, linear, time-decay, and U-shaped models 

[28][56]. 

● Data-Driven Models: Shapley Value, Markov Chain, Hidden Markov Models, and 

Bayesian Networks [93], [94], [95]. 

● AI-Driven Models: Deep learning models like RNNs or LSTMs that predict conversion 

probability based on sequence data [96], [97], [98]. 

The engine is built to compare models dynamically and adjust attribution weights based on 

seasonal, channel-specific, and campaign-level insights. Tools like Google’s Attribution 360, 

Meta’s Conversion Lift, and open-source libraries (e.g., PyAttribution, AttributionLib) are 

used for real-time model calibration and validation [99], [100], [101]. 

 

3.4 Budget Optimization Layer 

Based on attribution results, the optimization module recommends budget reallocations to 

maximize high-intent consumer acquisition. Optimization techniques used include: 

● Linear Programming (LP): For constraint-based allocations. 

● Multi-Objective Optimization: Balancing short-term ROI vs. long-term customer 

lifetime value (CLV). 
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● Reinforcement Learning: To dynamically adapt to budget impact feedback over time 

[46], [102]. 

Simulation environments are used to model the impact of budget changes under different 

attribution scenarios. The optimization layer also accounts for diminishing marginal returns 

and ad fatigue by channel [11][39]. 

 

3.5 Reporting and Dashboard Layer 

This layer visualizes KPIs such as attributed ROI, CPA (Cost per Acquisition), campaign 

effectiveness, touchpoint contribution scores, and conversion funnel drop-offs. BI tools such 

as Tableau, Power BI, and Looker are used to build stakeholder-specific dashboards. Alerts 

can be triggered based on budget drift, channel underperformance, or sentiment volatility [103], 

[104]. 

 

3.6 Governance and Compliance Layer 

This layer ensures that the attribution and budgeting processes are compliant with data 

governance policies (e.g., GDPR, CCPA) and internal audit standards. It includes features for 

data masking, anonymization, access control, audit trails, and explainable AI logic for decision 

transparency [105], [106]. 

A schematic diagram of the proposed architecture is presented in Figure 1, highlighting the 

flow of data across the six layers and illustrating the integration points between AI models, 

optimization engines, and visualization tools. 

 

 
Figure 1. Schematic diagram of proposed architecture 

 

4. Discussion and Evaluation 

The proposed framework for integrating social listening data into brand sentiment analytics 

introduces a structured and scalable architecture designed to enhance the precision and 

responsiveness of brand performance monitoring. This discussion section provides an in-depth 

evaluation of the framework's efficacy, highlights the key innovations, explores 

implementation considerations, and discusses limitations and future enhancements. 
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4.1 Integration of Heterogeneous Data Sources 

A significant innovation in the proposed framework lies in its ability to handle multi-platform 

and multi-format data inputs. The Data Ingestion Layer is designed to support real-time and 

batch-mode data extraction from various sources, including social networks, blogs, forums, 

and e-commerce platforms. This enables brands to capture a more holistic and timelier snapshot 

of public sentiment. Compared to traditional sentiment monitoring systems that often rely on 

single-source or predefined datasets, this integration expands analytical coverage and 

contextual relevance [45]. 

 

4.2 Enhanced Sentiment Precision Through Hybrid Analytics 

The framework's sentiment analysis layer benefits from the fusion of lexicon-based, traditional 

machine learning, and deep learning models. This ensemble approach reduces the risk of 

polarity misclassification and enriches sentiment granularity by supporting emotion 

classification, such as joy, fear, anger, and sadness. Recent studies emphasize that hybrid 

sentiment models outperform singular approaches in capturing nuanced language constructs, 

especially in informal user-generated content [61], [66]. Furthermore, the incorporation of 

domain-adapted sentiment lexicons and transfer learning (e.g., using BERT or RoBERTa) 

improves model adaptability to brand-specific contexts [107]. 

 

4.3 Actionable Insights via Visualization Layer 

Another key strength of the framework is the Visualization and Reporting Layer, which 

integrates sentiment outputs with brand performance indicators such as Net Promoter Score 

(NPS), customer churn rate, and campaign engagement metrics. This layer supports executive 

dashboards, anomaly alerts, and exploratory data visualizations, enabling timely interventions 

and data-driven decision-making [108], [109], [110]. Advanced visualization tools (e.g., Power 

BI, Tableau) and natural language generation (NLG) modules can be incorporated to 

automatically summarize sentiment trends for business stakeholders. 

 

4.4 Scalability and Real-Time Responsiveness 

The modular and layered structure of the framework supports horizontal scalability and real-

time data processing capabilities. Technologies such as Apache Kafka for stream processing 

and Elasticsearch for text indexing can be embedded within the Data Ingestion and Processing 

Layers [111], [112], [113]. This ensures that sentiment analysis and dashboard updates occur 

with minimal latency, a critical requirement during brand crises or viral events [114], [115]. 

 

4.5 Evaluation Metrics and Benchmarking 

While the current study is conceptual, future implementations of the framework should adopt 

standard evaluation metrics, including accuracy, precision, recall, and F1-score for sentiment 

classification. For real-time performance, latency and throughput benchmarks should be 

established. Benchmark datasets such as SemEval and brand-specific annotated corpora can 

serve as baselines to validate sentiment accuracy and model robustness [90]. 

 

4.6 Ethical and Compliance Considerations 

With the increasing reliance on social media data, ethical considerations surrounding data 

privacy, informed consent, and content moderation must be addressed. The inclusion of 

compliance modules (e.g., for GDPR or CCPA) within the framework allows for user 

anonymization, opt-out protocols, and secure data handling. Additionally, sentiment models 

should be audited for algorithmic bias, particularly concerning gendered or racial language 

patterns [116], [117], [118]. 
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4.7 Limitations and Future Enhancements 

Despite its strengths, the framework has limitations. Language diversity, slang, sarcasm, and 

rapidly evolving social vernacular can challenge sentiment interpretation. The reliance on 

publicly available data also introduces selection bias, potentially skewing insights toward more 

vocal or digitally active demographics. To mitigate these issues, continuous model retraining 

and the inclusion of underrepresented user voices are essential. Future enhancements may 

include multilingual support, sentiment trend forecasting using time-series models, and 

integration with customer journey mapping systems. 

In conclusion, the proposed framework offers a scalable, ethical, and data-driven approach to 

sentiment analytics, bridging the gap between social listening and actionable brand 

intelligence. The next section presents the conclusion and outlines potential research directions 

for the continued evolution of social sentiment frameworks. 

 

5. Conclusion and Future Work 

The increasing ubiquity of social media platforms has transformed the dynamics of brand-

consumer interactions, making real-time sentiment monitoring an essential function for brand 

managers. This paper has proposed a comprehensive and modular framework for integrating 

social listening data into brand sentiment analytics. The four-layer architecture comprising 

Data Ingestion, Data Processing, Sentiment Analysis, and Visualization & Reporting provides 

a scalable, ethical, and adaptable solution that aligns with current advancements in natural 

language processing (NLP), big data technologies, and user-centric analytics. 

The framework's emphasis on hybrid sentiment analysis models blending lexicon-based, 

machine learning, and deep learning techniques offers improved sentiment classification 

accuracy and emotional granularity. Its capability to incorporate data from multiple platforms, 

while adhering to data privacy regulations, ensures both relevance and compliance. The 

integration of sentiment data with key brand performance indicators through interactive 

dashboards allows for actionable insights that enhance decision-making and consumer 

engagement strategies. 

However, the framework is not without limitations. Challenges such as language diversity, 

sarcasm detection, and demographic representation remain persistent. Additionally, 

maintaining model accuracy in the face of evolving digital vernaculars requires continuous 

retraining and domain adaptation. 

 

Future Work: 

1. Multilingual and Multimodal Support: Expanding the framework to support 

multilingual sentiment detection and multimodal content (e.g., images, videos) could 

enrich sentiment analytics. 

2. Explainable AI (XAI) Integration: Incorporating explainability tools into the sentiment 

models will enhance transparency, especially for enterprise decision-makers. 

3. Temporal and Predictive Analytics: Leveraging time-series models and predictive 

analytics can enable early detection of sentiment trends and potential brand crises. 

4. User Demographics and Psychographics: Integrating demographic and psychographic 

segmentation can help contextualize sentiment scores and improve personalization. 

5. Cross-platform Influence Modeling: Understanding how sentiment propagates across 

different platforms (e.g., Twitter to Reddit) can inform coordinated brand 

communication strategies. 

In summary, this study lays the groundwork for robust and ethically grounded sentiment 

intelligence systems. By aligning technical capabilities with strategic brand goals, the proposed 

framework serves as a foundational model for future research and commercial deployment in 

the era of data-driven brand management. 
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