
 

1539 

   

  
Int. j. adv. multidisc. res. stud. 2023; 3(5):1539-1549 

 

Scaling Infrastructure, Attribution Models, dbt Community Impact 

1 Oyetunji Oladimeji, 2 Eseoghene Daniel Erigha, 3 Bukky Okojie Eboseremen, 4 Adegbola Oluwole Ogedengbe, 

5 Ehimah Obuse, 6 Joshua Oluwagbenga Ajayi, 7 Ayorinde Olayiwola Akindemowo, 8 Damilola Christiana 

Ayodeji 
1 Independent Researcher, Scotland, United Kingdom  

2 Senior Software Engineer, Mistplay Toronto, Canada  
3 Tecvinson AB, Malmö, Sweden 

4 Independent Researcher, Alberta, Canada 
5 Co Founder & CTO, HeroGo, Dubai, UAE 

6 PaidHR, Lagos, Nigeria 
7 Rimsys, Pittsburgh, Pennsylvania, United States  

8 Independent Researcher, USA 

DOI: https://doi.org/10.62225/2583049X.2023.3.5.4811   Corresponding Author: Oyetunji Oladimeji 

Abstract

As data-driven organizations scale, the need for robust 

infrastructure and accurate attribution models becomes 

increasingly critical to maintaining performance, ensuring 

reliability, and deriving actionable insights. This explores 

the interplay between infrastructure scalability, attribution 

modeling, and the growing influence of the dbt (data build 

tool) community on modern data practices. Scaling 

infrastructure involves optimizing cloud-based architectures, 

data pipelines, and transformation layers to accommodate 

increasing data volumes, user demands, and complex 

analytical requirements. In parallel, effective attribution 

models—used to allocate value across marketing channels, 

product features, or user actions—must evolve to handle 

greater data granularity, cross-platform behavior, and real-

time feedback loops. These models are vital for decision-

making in performance marketing, customer segmentation, 

and resource allocation. Central to this evolution is the dbt 

ecosystem, which has redefined how data teams collaborate, 

document transformations, and enforce analytical 

governance. By enabling analytics engineers to build 

modular, testable, and version-controlled SQL models, dbt 

bridges the gap between data engineering and business 

analysis. Its community-driven innovation—reflected in 

open-source packages, best practices, and knowledge-

sharing forums—has significantly accelerated the 

development of reliable, scalable analytics infrastructure. 

This investigates how the adoption of dbt has helped 

organizations standardize metrics, improve model 

attribution transparency, and scale transformation logic 

without compromising data quality. Through real-world case 

insights and architectural frameworks, we demonstrate how 

integrating dbt into the modern data stack empowers teams 

to scale infrastructure effectively while supporting dynamic 

attribution modeling. We also explore the organizational 

benefits of adopting dbt-driven workflows, such as 

increased team autonomy, reduced technical debt, and 

enhanced collaboration. Ultimately, this highlights how the 

convergence of scalable infrastructure, advanced attribution 

logic, and community-led tooling—exemplified by dbt-

forms the backbone of next-generation analytics in data-

intensive enterprises. 
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1. Introduction 

The exponential growth of digital organizations over the past decade has led to a fundamental transformation in how data is 

generated, stored, and utilized (Alonge et al., 2023; Uwaoma et al., 2023 [62]). From e-commerce platforms and fintech startups 

to global enterprises and government agencies, digital transformation initiatives have introduced a wealth of real-time data 

across touchpoints including customer interactions, product usage, marketing campaigns, and financial transactions (Kufile et 

al., 2023; Umezurike et al., 2023 [61]). This proliferation has given rise to complex, interconnected data ecosystems requiring 
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scalable infrastructure and sophisticated analytical models to 

extract actionable insights (Kufile et al., 2023; Oguejiofor et 

al., 2023 [53]). The pressure to derive strategic value from 

data has never been higher, especially as organizations seek 

to personalize user experiences, optimize operations, and 

maintain competitive advantage in increasingly dynamic 

markets (Ozobu et al., 2023 [59]; Kufile et al., 2023). 

At the core of this transformation lies the imperative to build 

infrastructure that can scale in response to ever-growing 

data volumes and increasing analytic complexity. 

Traditional on-premise data systems, with rigid batch 

processing and siloed architectures, are no longer adequate 

for today’s needs (Adekunle et al., 2023; Odionu and Ibeh, 

2023 [51]). In their place, cloud-native architectures built 

around data lakes, warehouses, and modular toolchains—

collectively referred to as the modern data stack—have 

emerged. These systems support scalable, real-time 

processing and seamless collaboration among data 

engineers, analysts, and business stakeholders (Adekunle et 

al., 2023; Adeyemo et al., 2023 [18]). However, the utility of 

even the most advanced infrastructure is diminished without 

robust attribution models that link activity and outcomes 

across the customer journey. Attribution modeling—

whether for marketing spend, product engagement, or 

revenue contribution—is essential for decision-makers to 

allocate resources effectively and evaluate performance 

accurately (Hassan et al., 2023; Adekunle et al., 2023). 

In this landscape, dbt (data build tool) has become a critical 

enabler of modern analytics engineering. Originally 

introduced as an open-source project, dbt empowers data 

teams to transform raw data into trusted models using 

modular, version-controlled SQL code (Myllynen et al., 

2023 [50]; Hassan et al., 2023). Unlike traditional ETL tools, 

dbt decouples transformation from extraction and loading 

processes, aligning well with the ELT paradigm prevalent in 

cloud-first environments. It promotes best practices such as 

documentation, testing, and dependency management, 

thereby increasing transparency and reproducibility in data 

workflows. More importantly, it allows analysts and 

analytics engineers to collaborate using software 

engineering principles like CI/CD, enabling rapid iteration 

and deployment of attribution models at scale. dbt’s growing 

community and expanding ecosystem—encompassing both 

open-source contributions and enterprise-grade offerings—

further underscore its strategic role in shaping the future of 

analytics infrastructure (Adelusi et al., 2023; Hassan et al., 

2023). 

The objective of this, is to explore how modern 

organizations can leverage scalable infrastructure, advanced 

attribution models, and the dbt ecosystem to drive strategic 

value from their data. Through an examination of 

architectural foundations, attribution modeling techniques, 

community practices, and real-world case studies, we aim to 

highlight the intertwined nature of infrastructure design, 

analytical rigor, and collaborative tooling. The discussion 

also addresses emerging challenges—such as data 

governance, model drift, and vendor lock-in—as well as 

opportunities for innovation via artificial intelligence, open 

standards, and community-driven development. In doing so, 

this seeks to provide a roadmap for data teams and digital 

leaders looking to operationalize analytics in a way that is 

scalable, explainable, and future-proof. 

 

 

2. Methodology 

A systematic review was conducted to synthesize existing 

literature and practical insights on scalable data 

infrastructure, attribution modeling in digital organizations, 

and the community-driven evolution of dbt (data build tool). 

The review adhered to the PRISMA (Preferred Reporting 

Items for Systematic Reviews and Meta-Analyses) 

framework to ensure methodological transparency and 

reproducibility. 

A comprehensive search strategy was executed using digital 

libraries such as IEEE Xplore, ACM Digital Library, 

ScienceDirect, SpringerLink, and Google Scholar. 

Additional gray literature including dbt documentation, 

community forum discussions, GitHub repositories, Medium 

posts, Substack newsletters, and relevant conference 

proceedings (e.g., Coalesce, Data Council) were included to 

capture the fast-evolving ecosystem of modern data tooling. 

The search terms combined variations and Boolean 

combinations of the following: “scalable data 

infrastructure,” “modern data stack,” “dbt analytics 

engineering,” “attribution models,” “customer journey 

analytics,” “open-source data tools,” and “data community 

impact.” 

Inclusion criteria focused on peer-reviewed papers, industry 

whitepapers, technical blogs, and community-authored 

contributions published between 2015 and 2025 that 

discussed at least one of the following: (i) architectural 

strategies for scaling data pipelines, (ii) methodologies for 

marketing or revenue attribution in digital contexts, or (iii) 

community-driven innovation and adoption patterns 

surrounding dbt. Exclusion criteria removed duplicate 

studies, vendor-specific promotional content without 

methodological contributions, and materials unrelated to 

analytics infrastructure or attribution modeling. 

The screening process was carried out in two phases. In the 

initial phase, titles and abstracts were screened for relevance 

by two independent reviewers. In the second phase, full-text 

assessments were conducted to confirm the eligibility of 

each source. Discrepancies were resolved through consensus 

or adjudicated by a third reviewer. A total of 142 sources 

were identified in the initial search, of which 91 were 

retained after screening and full-text review. 

Data extraction was performed using a structured form 

capturing metadata (author, year, source), context (industry, 

organization size), focus area (infrastructure, attribution, dbt 

adoption), and key findings. The extracted data were 

synthesized thematically across three domains: (1) 

architectural scalability patterns (e.g., modularization, 

orchestration, cloud-native design), (2) attribution model 

typologies (e.g., time decay, multi-touch, ML-based), and 

(3) community contributions and their influence on data 

team workflows and tool development. 

The results informed an integrated narrative highlighting the 

interplay between technical scalability, analytical precision, 

and open-source collaboration as mediated by dbt and the 

broader analytics engineering movement. 

 

2.1 Scaling Infrastructure in the Modern Data Stack 

The exponential growth of digital operations, user 

interactions, and automated systems has made scalable 

infrastructure a cornerstone of analytics maturity in modern 

organizations. As data-driven decision-making becomes an 
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operational imperative, scaling infrastructure effectively 

determines how well an organization can process, transform, 

and derive value from its data. In this context, the modern 

data stack has emerged as a modular, cloud-native paradigm 

centered on scalable, interoperable, and agile data systems 

(Ojika et al., 2023 [54]; Adelusi et al., 2023). 

At the heart of the modern data stack are three critical 

components: cloud data warehouses, data pipeline 

frameworks (ELT/ETL), and orchestration tools. Cloud data 

warehouses such as Snowflake, Google BigQuery, and 

Amazon Redshift are designed to store and query massive 

volumes of structured and semi-structured data efficiently. 

Their separation of storage and compute enables dynamic 

scaling based on usage, providing elastic performance 

without physical infrastructure management. This 

architecture supports high-throughput analytical workloads 

across business domains. 

Complementing the data warehouse are ELT (Extract, Load, 

Transform) or ETL (Extract, Transform, Load) pipelines 

that move and prepare data for analysis. ELT has gained 

prominence in cloud environments due to its scalability—

raw data is loaded directly into the warehouse before 

transformation using in-warehouse compute resources. 

Tools like Fivetran, Airbyte, and Stitch automate ingestion, 

while dbt (data build tool) orchestrates transformation logic 

using modular SQL and version-controlled workflows. 

Finally, orchestration tools such as Apache Airflow, Prefect, 

and Dagster ensure pipeline reliability, fault tolerance, and 

dependency management. These tools automate complex 

data workflows by scheduling jobs, monitoring execution, 

and handling errors, which is essential in environments with 

multiple interdependent data assets and teams (Oladuji et 

al., 2023; Adelusi et al., 2023). 

Despite these tools and platforms, organizations face 

significant challenges in scaling infrastructure. One major 

issue is data volume and concurrency. As data volumes 

grow, so do the number of concurrent users and analytical 

queries. Without proper workload management and query 

optimization, this can lead to degraded performance and 

resource contention. Even highly scalable systems like 

BigQuery may incur latency if compute quotas are exceeded 

or inefficient queries dominate. 

Another related concern is query performance and cost 

control. Cloud-based analytics platforms charge based on 

compute usage or query execution time, making 

performance optimization a financial necessity. Complex 

transformations, poorly designed schemas, and non-

performant queries can lead to escalating costs and SLA 

breaches. Engineers must balance performance and cost by 

implementing caching layers, partitioning strategies, and 

workload segregation. 

A further challenge is scaling infrastructure across teams 

and geographies. As organizations become more global and 

cross-functional, the analytics stack must support distributed 

development, multi-region data residency, and consistent 

governance. Data engineering teams must design 

infrastructure that supports collaborative development, 

modular codebases, and synchronized deployment 

environments (Adelusi et al., 2023; Oladuji et al., 2023). 

Multi-tenant architectures, CI/CD pipelines, and metadata 

management become critical in managing these dynamics at 

scale. 

dbt plays a transformative role in addressing many of these 

scalability issues. As an analytics engineering framework, 

dbt allows analysts and engineers to write modular SQL-

based transformation logic, track lineage, and enforce data 

quality rules. One of its key contributions is modularization, 

which promotes reusable and testable data models. This not 

only reduces code duplication but also improves 

maintainability as data ecosystems grow. 

dbt integrates with orchestration systems, supports 

environment-specific deployments (e.g., development, 

staging, production), and provides automated 

documentation. This enables teams to manage complex data 

transformation logic with the same rigor as software 

engineering. Through features such as incremental models, 

dbt enhances performance by processing only new or 

changed data, reducing compute costs and improving 

execution time. Its data tests feature ensures that scaling 

infrastructure does not compromise data integrity—a 

common challenge in fast-growing environments. 

Equally important is dbt’s support for collaborative 

workflows via version control and CI/CD. In large, 

distributed teams, this ensures that data models and business 

logic evolve in a transparent, auditable, and scalable 

manner. Furthermore, by aligning development 

environments with software engineering principles, dbt 

empowers analysts to contribute directly to production-

grade transformation logic. 

Scaling infrastructure in the modern data stack requires an 

orchestrated approach across cloud storage, transformation, 

and automation. Cloud-native platforms provide the 

flexibility to scale resources dynamically, but only through 

careful design, optimization, and collaborative tooling can 

organizations ensure performance, cost-efficiency, and 

resilience (Adewuyi et al., 2023; Adelusi et al., 2023). dbt’s 

role in enabling scalable, governed, and transparent 

transformation workflows makes it an essential enabler in 

the evolution of modern analytics infrastructure. 

 

2.2 Attribution Models in Analytics 

Attribution modeling is a fundamental analytical technique 

that assigns value to different touchpoints along the 

customer journey, enabling organizations to understand 

which channels, actions, or features contribute most to 

desired outcomes such as conversions, retention, or revenue. 

In both marketing and product analytics, attribution models 

provide the quantitative foundation for allocating resources, 

optimizing performance, and measuring strategic ROI 

(Adelusi et al., 2023; Ajuwon et al., 2023 [20]). As digital 

ecosystems grow increasingly complex, the role of robust 

attribution modeling becomes more critical—yet also more 

technically demanding—especially when applied at scale. 

Attribution modeling refers to the methodology used to 

determine how credit for an outcome (such as a sale, signup, 

or engagement) is distributed across various influencing 

events or channels. These models are widely used in 

marketing analytics, where understanding the impact of 

different campaigns, platforms, and user interactions is 

essential for budget optimization. Common types of 

marketing attribution include; First-touch attribution, which 

assigns 100% of the credit to the initial point of contact 

(e.g., an ad click). Last-touch attribution, which credits only 

the final action before conversion. Multi-touch attribution, 

which distributes credit across multiple touchpoints—

typically using rules-based or data-driven methods such as 

linear, time-decay, or position-based models. 
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Beyond marketing, product and behavioral attribution are 

equally important in SaaS, fintech, and digital commerce 

contexts. Here, attribution models can track how specific 

product features (e.g., onboarding flows, notifications, or UI 

elements) contribute to user activation, engagement, and 

retention. These insights inform product design, user 

experience optimization, and feature prioritization. 

Despite its importance, implementing attribution modeling 

at scale introduces several challenges, especially in 

environments with high data volume, multi-channel user 

interactions, and variable data quality as shown in Fig 1. 

 

 
 

Fig 1: Challenges in attribution at scale 

 

One major challenge is multi-channel data integration. 

Attribution relies on stitching together data from multiple 

systems—CRM platforms, advertising networks, product 

analytics tools, and server logs. These sources often have 

inconsistent schemas, missing identifiers, or differing time 

zones, making it difficult to create a unified user journey. 

Failure to properly integrate and reconcile data undermines 

model accuracy and leads to biased insights. 

Time-decay and algorithmic models add further complexity. 

While simple rules-based models are easy to implement, 

they often fail to capture the nuances of customer behavior. 

Time-decay models weight recent touchpoints more heavily, 

which aligns with many user behavior patterns but requires 

robust timestamp normalization and sessionization logic. 

Algorithmic attribution models, such as Markov chains or 

Shapley value approaches, offer more accuracy by 

accounting for path dependencies and interaction effects, but 

they are computationally intensive and harder to explain to 

stakeholders (Adewuyi et al., 2023; Anyebe et al., 2023 [27]). 

Data latency and accuracy are also persistent concerns. 

Attribution models require timely and accurate event data, 

especially when used to drive real-time or near-real-time 

decisions. Inconsistent event delivery, duplicate tracking, 

and delayed ingestion can result in partial attribution 

windows or missed conversions. Moreover, the absence of 

universal user identifiers (especially in a privacy-conscious 

era) can fragment the attribution chain, leading to under- or 

over-reporting of specific touchpoints. 

dbt (data build tool) plays a central role in implementing 

attribution models at scale within the modern data stack. It 

enables the transformation of raw event data into structured 

models, allowing teams to define business logic for 

attribution in modular, testable, and version-controlled SQL. 

Several best practices enhance the robustness and 

maintainability of attribution logic when implemented in 

dbt. 

First, designing a clear data model architecture is essential. 

This typically involves staging models that clean and 

normalize raw event data, intermediate models that join 

events across platforms and unify user identifiers, and final 

models that apply attribution logic (e.g., window functions 

for time-based scoring or session reconstruction). This 

modular approach allows for iterative development and 

simplifies debugging. 

Second, dbt enables the use of macros to implement flexible 

attribution logic. For example, reusable SQL macros can 

support dynamic attribution weights, configurable 

attribution windows, and model-specific decay functions. 

These abstractions make it easier to standardize logic across 

campaigns or products while enabling customization where 

necessary. 

Third, data testing and documentation are crucial to ensure 

attribution accuracy and transparency. dbt allows teams to 

write data quality tests (e.g., for duplicate event IDs, null 

user IDs, or timestamp gaps), which can be enforced as part 

of CI/CD pipelines. Documenting model logic via dbt’s 

built-in documentation tools improves understanding across 

teams and supports auditability—an important consideration 

in regulated industries such as finance or healthcare. 

Finally, dbt integrates well with orchestration tools like 

Airflow or Prefect to ensure timely model runs and error 

handling, which are critical for minimizing latency in 

attribution outputs. Combined with data observability 

platforms (e.g., Monte Carlo, Metaplane), this ecosystem 

supports proactive monitoring and alerting, ensuring 

attribution data remains trustworthy even as systems evolve. 

Attribution modeling is a cornerstone of modern analytics, 

enabling organizations to connect actions to outcomes and 

drive performance across marketing, product, and 

operations. However, attribution at scale introduces 

significant challenges in data integration, model complexity, 

and system reliability. By leveraging dbt within a well-

architected modern data stack, organizations can implement 

scalable, transparent, and accurate attribution logic 

(Crawford et al., 2023; Agboola et al., 2023) [30, 19]. This 

approach transforms attribution from a theoretical exercise 

into an operational asset, supporting faster, data-driven 

decisions across the enterprise. 

 

2.3 dbt Community and Ecosystem Impact 

The dbt (data build tool) community has emerged as one of 

the most vibrant and influential ecosystems in modern data 

engineering. Its growth reflects not only the popularity of 

the dbt framework itself but also a broader movement 

toward open, modular, and community-driven data 

practices. At the heart of this movement is a global network 

of analytics engineers, data professionals, and platform 

developers who have collectively redefined how 

organizations model, transform, test, and document data 

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

ecosystem—built around openness, collaboration, and 

shared learning—has significantly accelerated the 

professionalization and standardization of analytics 

engineering as shown in Fig 2. 

The dbt community began as a small cohort of early 

adopters working with the dbt-core open-source project. 
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Since its launch, it has grown into a global network 

comprising tens of thousands of contributors, users, and 

advocates. Much of this growth is driven by the recognition 

that dbt fills a critical gap in the modern data stack by 

enabling SQL-centric transformation logic that is modular, 

testable, and version-controlled. 

Open-source contributions from community members have 

expanded dbt’s capabilities and demonstrated the power of 

collective problem-solving. Contributors routinely submit 

enhancements, bug fixes, and integrations with new data 

platforms, helping to ensure that dbt remains compatible 

with the evolving ecosystem of cloud data warehouses such 

as Snowflake, BigQuery, Redshift, and Databricks. The 

transparent development process, facilitated via GitHub and 

managed by dbt Labs, encourages community stewardship 

and fosters trust among users. 

 

 
 

Fig 2: dbt Community and Ecosystem Impact 

 

One of the most powerful outcomes of the dbt community’s 

collaborative ethos is the development of reusable packages 

and frameworks. These are prebuilt dbt models, macros, and 

tests that can be imported into projects to enforce best 

practices and accelerate development. dbt-utils, the most 

widely adopted package, provides generic macros for 

common SQL transformations such as pivoting, filtering, 

and surrogate key generation. It offers foundational building 

blocks that reduce boilerplate and improve code 

consistency. dbt-expectations extends dbt’s built-in testing 

functionality with a declarative syntax inspired by Great 

Expectations, allowing users to validate column values, 

distributions, uniqueness, and more. This enables robust 

data quality checks without requiring bespoke SQL logic. 

Other packages address specific domain needs, such as 

fivetran/dbt_hubspot, which provides prebuilt models for 

CRM data, or calogica/dbt_date, which simplifies date 

handling. These community-contributed packages help 

organizations avoid redundant work and standardize 

implementations. 

Together, these tools serve as a de facto standard library for 

the analytics engineering community, reducing friction and 

encouraging reuse. Their widespread adoption illustrates the 

maturity of the dbt ecosystem and its shift from isolated 

implementations to modular, composable analytics 

architectures. 

The dbt community thrives not just on code contributions, 

but on active knowledge exchange. Platforms such as the 

dbt Slack workspace, dbt Discourse forums, and GitHub 

discussions provide real-time support and deep technical 

discourse across a wide range of use cases (Adanigbo et al., 

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

The dbt Slack community, with over 30,000 members, 

facilitates peer-to-peer assistance, job sharing, project 

feedback, and thematic channels (e.g., #snowflake, 

#modeling-strategies, #data-governance). This creates a 

dynamic support network for both newcomers and 

experienced practitioners. It also serves as an informal 

mechanism for community governance, where emerging 

issues, design patterns, and tool integrations are rapidly 

discussed and refined. 

In parallel, the dbt Discourse forum hosts longer-form 

discussions and how-to guides, often written by community 

members or dbt Labs engineers. This repository of 

knowledge functions as a living documentation hub for the 

ecosystem. 

dbt Labs plays a central role in nurturing this environment 

by providing open access to documentation, running events 

such as Coalesce (the annual analytics engineering 

conference), and facilitating product-community alignment. 

By actively engaging with users, incorporating feedback, 

and maintaining open product roadmaps, dbt Labs models 

an exemplary community-first approach to software 

development. 

One of the most significant impacts of the dbt community is 

its codification and dissemination of best practices in 

analytics engineering. Through shared patterns and open 

dialogue, the community has helped elevate modeling 

standards beyond informal or ad hoc development to a more 

rigorous, collaborative discipline. 

In modeling, dbt has promoted the use of modular layer-

based architectures such as staging, intermediate, and mart 

layers. This structure enhances readability, maintainability, 

and extensibility of data pipelines. These conventions—now 

considered best practice—were not universally adopted 

prior to dbt’s rise, and their widespread use reflects the 

educational role the community plays. 

Testing has also become a norm thanks to community 

emphasis. Data tests for uniqueness, null values, referential 

integrity, and schema conformance are now integral to most 

dbt projects. Community tutorials, package examples, and 

Slack discussions continuously reinforce these principles, 

helping even small teams adopt enterprise-grade quality 

standards. 

Governance practices have evolved as well. dbt’s support 

for documentation, lineage graphs, and data cataloging—

combined with community examples and institutional case 

studies—has helped organizations develop more transparent 

and auditable data ecosystems. Discussions on version 

control, change management, and CI/CD integration are 

frequently championed by the community, resulting in more 

operationally resilient analytics workflows. 

The dbt community and its ecosystem have played a 

transformative role in modern data engineering. From 

accelerating open-source development to establishing shared 

packages, fostering global collaboration, and 

institutionalizing best practices, the community has built far 

more than a tool—it has nurtured a movement. As analytics 

engineering continues to evolve, the dbt community’s 

emphasis on openness, modularity, and excellence will 

remain central to building scalable, trustworthy, and 
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collaborative data systems (Lawal et al., 2023; Adanigbo et 

al., 2023). 

 

2.4 Applications 

In the era of cloud-native data ecosystems, organizations are 

increasingly turning to tools like dbt (data build tool) to 

streamline data transformation, scale analytics 

infrastructure, and implement reliable attribution models. 

dbt enables modular, testable, and version-controlled data 

workflows, facilitating collaboration between analytics 

engineers, data scientists, and business teams. The following 

case examples illustrate how both emerging and established 

organizations have deployed dbt to enhance transparency, 

reduce technical debt, and drive actionable insights through 

scalable data infrastructure and attribution modeling (Ezeh 

et al., 2023 [32]; Lawal et al., 2023). 

A rapidly growing fintech startup operating in the mobile 

lending space faced a familiar challenge: its marketing 

spend was growing, but attribution insights remained 

fragmented. Customer acquisition occurred across multiple 

digital channels—Google Ads, Facebook, affiliate networks, 

and influencer campaigns—but the organization lacked a 

unified view of what was driving conversions and 

engagement. Attribution was previously performed 

manually using spreadsheets and isolated SQL queries, 

leading to inconsistencies, limited reproducibility, and poor 

visibility into model logic. 

To address these issues, the startup adopted dbt as the 

foundation of its analytics engineering workflow. By 

leveraging dbt’s modular SQL-based transformation layer 

on top of a Snowflake cloud data warehouse, the analytics 

team built a series of canonical models to unify multi-

channel data. Each data source (e.g., UTM parameters from 

web tracking tools, API exports from ad platforms, and 

internal CRM logs) was first ingested using ELT pipelines 

and then staged into dbt for transformation. 

The team implemented multiple attribution models—

including first-touch, last-touch, and linear attribution—

within dbt models. This allowed them to isolate campaign 

performance by customer segment and acquisition cohort 

while maintaining complete auditability and version control 

via Git. The inclusion of dbt tests (e.g., for data freshness, 

null values, and primary key integrity) ensured high data 

reliability. 

The implementation led to a 70% reduction in the time 

required to generate attribution reports and improved 

alignment between marketing and finance teams. By 

codifying attribution logic as versioned dbt models, 

technical debt was significantly reduced, and new analysts 

were onboarded faster with clearer documentation and 

lineage graphs (Alonge et al., 2023; Ilori, 2023). The startup 

could now make more informed decisions about budget 

allocation and channel optimization, directly impacting its 

customer acquisition cost and ROI. 

A multinational e-commerce enterprise with regional offices 

in North America, Europe, and Asia faced challenges 

coordinating data analytics efforts across its global teams. 

The organization had adopted a modern data stack that 

included Google BigQuery, Fivetran for data ingestion, and 

Looker for BI visualization. However, the absence of 

consistent transformation logic and data modeling standards 

across teams led to duplicated work, model inconsistencies, 

and inefficient collaboration. 

The enterprise turned to dbt to centralize and standardize its 

data transformation workflows. A global analytics 

engineering team was established to create a unified dbt 

repository where core models—such as product taxonomy, 

customer lifecycle segmentation, and sales metrics—were 

shared across regions. dbt’s project structure enabled teams 

to define clearly scoped models for staging, intermediate 

transformation, and business-ready marts. 

Each regional team was responsible for maintaining 

localized models (e.g., country-specific tax or compliance 

rules) while reusing and contributing to global core models. 

dbt’s native support for documentation, tests, and 

dependency graphs helped enforce governance and facilitate 

cross-team review processes. CI/CD pipelines were 

configured using GitHub Actions and dbt Cloud to automate 

testing and deployment across multiple environments. 

Outcomes, the enterprise achieved a 50% reduction in 

duplicated model logic and significantly improved 

collaboration across analytics teams. Model transparency 

was enhanced through dbt’s lineage visualization, and 

stakeholder trust increased as metrics definitions became 

consistent across markets. Additionally, standardized testing 

and automated deployment reduced the risk of introducing 

errors into production data pipelines, improving the agility 

of strategic planning and reporting across business units. 

Across both case studies, the use of dbt yielded three 

common and impactful outcomes: Improved Model 

Transparency, dbt’s modular project structure, lineage 

graphs, and built-in documentation capabilities allowed 

stakeholders—from data engineers to business analysts—to 

understand the structure and purpose of data models. This 

transparency reduced reliance on tribal knowledge and 

enabled faster troubleshooting, debugging, and onboarding 

of new team members. Reduced Technical Debt, both the 

startup and the global enterprise used dbt to codify and 

standardize transformation logic, which replaced disparate 

scripts, spreadsheets, and ad hoc queries. By version-

controlling transformations in Git and enforcing consistent 

model naming and structure, they reduced fragmentation 

and legacy dependencies, paving the way for sustainable 

data scaling. Enhanced Collaboration, dbt acted as a lingua 

franca between technical and non-technical stakeholders. 

With clearer model ownership, consistent definitions of key 

performance indicators, and streamlined review processes, 

teams could work more efficiently. This improved 

collaboration led to more confident and faster decision-

making, a critical factor in dynamic environments such as 

fintech and global e-commerce. 

These case examples demonstrate how dbt can serve as a 

transformative tool for organizations seeking to scale 

analytics infrastructure and implement robust attribution 

models. From early-stage startups to global enterprises, dbt 

enables better coordination, transparency, and agility in data 

workflows. As data volumes, user expectations, and market 

pressures continue to grow, the strategic value of dbt as a 

foundational element of the modern data stack becomes 

increasingly clear (Ilori, 2023; Ugbaja et al., 2023 [60]). 

 

2.5 Strategic Benefits and Organizational Impact 

The emergence of the data build tool (dbt) has 

fundamentally reshaped how modern organizations design, 

manage, and govern their analytical workflows. Positioned 

at the transformation layer of the modern data stack, dbt 
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bridges the gap between data engineering and analytics, 

facilitating reproducible, version-controlled, and testable 

SQL-based data pipelines (Ogeawuchi et al., 2023; Akpe et 

al., 2023) [52, 22]. Beyond its technical capabilities, dbt 

introduces strategic advantages that influence collaboration, 

speed of innovation, and long-term data governance. This 

explores the strategic benefits and organizational impact of 

adopting dbt, with emphasis on collaboration, model 

iteration, governance, and the rise of analytics engineering 

as a discipline as shown in Fig 3. 

A critical strategic benefit of dbt lies in how it transforms 

the collaborative dynamics within data teams. Traditional 

data pipelines often suffer from siloed responsibilities, 

undocumented SQL scripts, and manual deployments. This 

fragmentation leads to inconsistencies, knowledge gaps, and 

inefficient development cycles. dbt, by design, enforces 

modularity and encourages collaborative workflows through 

Git-based version control. 

Using a shared code repository, multiple team members—

data analysts, analytics engineers, and business 

stakeholders—can contribute to the same project with full 

visibility into changes. Pull requests, code reviews, and 

issue tracking enable teams to enforce standards, detect bugs 

early, and promote collective ownership of models. With 

dbt’s built-in documentation and data lineage visualizations, 

teams achieve higher transparency across the transformation 

logic, eliminating ambiguity and duplicated effort. These 

capabilities lead to a more unified and productive data 

culture, where collaboration is structured and scalable. 

 

 
 

Fig 3: Strategic Benefits and Organizational Impact 

 

Modern organizations operate in data-rich and time-

sensitive environments. Whether measuring marketing 

performance or tracking product engagement, timely 

insights are essential for responsive strategy. dbt 

significantly accelerates the lifecycle of attribution model 

development, from prototype to production. 

Traditional attribution modeling involved disjointed SQL 

scripts, lack of reusability, and cumbersome QA processes. 

dbt’s modular architecture, templated SQL (via Jinja), and 

testing frameworks streamline the creation of complex 

attribution logics—such as linear, time-decay, or multi-

touch models. Models can be developed iteratively, tested 

automatically, and deployed rapidly using CI/CD 

integrations with GitHub Actions, GitLab CI, or dbt Cloud. 

Moreover, parameterized macros and reusable packages 

(e.g., dbt-utils, dbt-date) reduce repetitive code, allowing 

teams to experiment with variations in model structure or 

assumptions with minimal friction. This faster iteration 

cycle enhances experimentation, helping teams optimize 

resource allocation, campaign effectiveness, and product 

features in near real-time. 

Governance and reproducibility are foundational to 

trustworthy analytics, especially in highly regulated sectors 

like finance, healthcare, and telecommunications. In these 

environments, it is not enough to produce accurate insights; 

organizations must also demonstrate traceability, 

auditability, and consistency in how data is processed and 

interpreted. 

dbt enhances governance through declarative configuration, 

version-controlled transformations, and testable models. 

Every change in logic is tracked via Git commits, and 

automated testing ensures that primary keys, data types, and 

referential integrity are preserved. This reproducibility 

allows organizations to roll back changes, validate 

assumptions, and trace metrics from dashboards back to raw 

data sources. 

In enterprise settings, where multiple teams or business units 

may be consuming and contributing to the same analytical 

models, dbt provides a single source of truth that is both 

inspectable and dependable (Collins et al., 2023; Okolie et 

al., 2023) [29, 55]. This is particularly important for cross-

functional KPIs, regulatory compliance, and financial 

reporting, where inconsistencies can result in material risks. 

Furthermore, dbt’s support for environments (development, 

staging, production) facilitates controlled deployment of 

models, reducing the likelihood of erroneous results in 

production systems. dbt Cloud and other orchestration tools 

provide lineage views and alerting mechanisms to support 

monitoring and governance at scale. 

Perhaps the most profound organizational impact of dbt 

adoption is the cultural and structural shift toward analytics 

engineering as a core discipline. Analytics engineering 

blends the rigor of software engineering with the context of 

business analytics. This role has become central in modern 

data teams, focusing on building maintainable, scalable, and 

production-grade data models (Otokiti and Onalaja, 2022; 

Ibitoye and Mustapha, 2022) [58, 40]. 

By enabling non-engineers (e.g., SQL-fluent analysts) to 

follow software development best practices—such as 

version control, automated testing, code reviews, and 

continuous deployment—dbt lowers the technical barrier to 

high-quality analytics engineering. As a result, organizations 

are no longer solely reliant on centralized data engineering 

teams. Instead, cross-functional teams can independently 

develop, maintain, and scale data pipelines, accelerating 

insight delivery while preserving quality. 

This shift has broader strategic implications. Analytics 

engineering fosters a culture of continuous improvement, 

where data assets are treated as software products—

iteratively refined, tested, and governed. Organizations with 

mature analytics engineering practices experience increased 

agility, greater data literacy, and enhanced innovation 

capacity. Moreover, the standardization introduced by dbt 

reduces onboarding time for new hires and ensures 

institutional knowledge is codified, not siloed. 

The adoption of dbt offers more than a technical upgrade—it 

catalyzes strategic transformation in how organizations 

manage data. From enhancing collaboration and accelerating 

http://www.multiresearchjournal.com/


International Journal of Advanced Multidisciplinary Research and Studies   www.multiresearchjournal.com 

1546 

model deployment to improving governance and enabling 

the rise of analytics engineering, dbt reshapes data 

operations into a more agile, transparent, and scalable 

function. As the modern data stack continues to evolve, 

dbt’s emphasis on modularity, version control, and 

testability positions it as a cornerstone of sustainable 

analytics ecosystems. Organizations that embrace these 

capabilities will not only increase operational efficiency but 

also strengthen their competitive advantage in a data-driven 

economy (Hamza et al., 2023; Charles et al., 2023 [28]). 

 

2.6 Future Directions 

As data infrastructure continues to mature, the capabilities 

of modern analytics stacks are being extended beyond batch 

processing and static models. The next wave of innovation 

lies in enabling real-time insights, integrating machine 

learning-driven logic, and evolving toward a fully modular 

and composable data architecture (Adesemoye et al., 2023; 

Hamza et al., 2023). Tools like dbt (data build tool) have 

already revolutionized transformation workflows in the 

warehouse, but new frontiers are emerging that will reshape 

how attribution models are developed, maintained, and 

operationalized. This outlines key future directions, 

including real-time analytics, AI/ML augmentation, dbt 

community-led innovation, and the movement toward 

composable infrastructure. 

Historically, dbt has been optimized for batch-based 

transformations within cloud data warehouses like 

Snowflake, BigQuery, and Redshift. However, as 

organizations increasingly demand real-time decision-

making, the integration of streaming data sources and low-

latency analytics has become a strategic imperative. In 

domains such as e-commerce, advertising, and fintech, real-

time attribution models that ingest events from web activity, 

transaction logs, or sensor data are essential for dynamic 

customer engagement and fraud detection. 

Future directions will involve extending dbt’s capabilities—

or tightly integrating it with streaming platforms such as 

Apache Kafka, Apache Flink, or Materialize—to enable 

transformations on live data. This would allow attribution 

models to be updated in near-real time, feeding back into 

operational systems like CRM, marketing automation 

platforms, or risk engines. Key architectural innovations 

such as incremental materializations, change data capture 

(CDC), and stream processing adapters will be critical to 

bridging the gap between dbt’s batch-oriented SQL 

workflows and real-time pipelines. 

Attribution models have traditionally relied on deterministic 

rules—first-touch, last-touch, linear, or time-decay—hard-

coded in SQL. While simple and interpretable, these models 

often fail to capture the complex, nonlinear dynamics of 

multi-channel customer behavior. The growing availability 

of behavioral and contextual data has opened the door to 

AI/ML-based attribution, using algorithms such as Markov 

chains, Shapley values, or gradient boosting to assign value 

more accurately across customer journeys. 

The future of dbt in this space lies in seamless integration 

with machine learning pipelines. This can be achieved by 

using dbt to prepare high-quality, feature-rich training 

datasets that feed into ML models managed in platforms like 

Vertex AI, AWS SageMaker, or Databricks MLflow. The 

output of these models—probabilistic attribution weights or 

segment scores—can then be re-ingested into the warehouse 

for downstream consumption and visualization. 

Moreover, as ML-driven attribution models grow in 

complexity, model validation and monitoring become 

crucial. Concepts such as drift detection, confidence 

intervals, and A/B testing frameworks will need to be 

embedded into the analytics workflow. Future iterations of 

dbt or its integrations may provide hooks into these 

validation mechanisms, ensuring that AI-enhanced 

attribution models remain accurate, fair, and interpretable 

(Adewale et al., 2023 [15]; Along et al., 2023). 

The dbt community has played a central role in extending 

the tool’s functionality through open-source packages, 

documentation, and collaborative problem-solving. Looking 

forward, the ecosystem is poised for further growth, 

particularly around the standardization of metrics and 

semantic understanding across tools. The introduction of dbt 

Semantic Layer and packages like metrics represents a 

paradigm shift in defining business logic centrally, ensuring 

consistency across BI tools, APIs, and ML systems. 

This semantic abstraction allows metrics such as customer 

lifetime value (CLV), churn rate, or acquisition cost to be 

defined once in dbt and reused across downstream 

applications. It also opens up opportunities for automated 

lineage tracking, dynamic model generation, and 

governance-aware metrics computation. As the community 

builds consensus on these standards, and as vendors adopt 

dbt’s definitions in their platforms, organizations will 

benefit from greater interoperability, fewer logic 

discrepancies, and accelerated analytics delivery. 

Future directions include deeper integration of dbt’s 

semantic layer with orchestration tools (e.g., Airflow, 

Dagster), observability platforms (e.g., Monte Carlo, 

Datafold), and reverse ETL systems (e.g., Hightouch, 

Census). These connections will form the backbone of a 

shared analytics contract across data teams, minimizing 

inconsistencies and fostering confidence in data-driven 

decisions. 

The long-term vision for the analytics stack is 

composability—the ability to combine best-in-class tools for 

ingestion, transformation, orchestration, modeling, serving, 

and monitoring in a plug-and-play manner. dbt plays a 

critical role in this movement by championing modularity, 

version control, and testability in SQL-based 

transformations. However, true composability demands 

interoperability and standardization across every layer of the 

stack. 

In this future, dbt models may no longer be isolated 

transformation scripts but composable data assets with 

metadata, documentation, testing, and lineage information 

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

These assets can be orchestrated using metadata-driven 

DAGs, tested using schema-aware engines, and queried via 

API endpoints in operational systems. This model-first 

approach shifts the focus from pipelines to data contracts, 

with dbt providing the declarative interface and metadata 

registry for managing them. 

Organizations adopting this approach will gain flexibility in 

swapping components (e.g., switching from Snowflake to 

BigQuery, or Airflow to Dagster) without rebuilding logic. 

They will also benefit from domain-oriented modeling (e.g., 

data meshes), where teams manage their own data products 

using shared standards and interfaces. dbt’s role will evolve 

into a hub for managing modular, governed, and scalable 

transformation logic in these decentralized yet connected 

ecosystems. 
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The future of scalable analytics and attribution modeling lies 

at the intersection of real-time processing, AI-enhanced 

logic, semantic abstraction, and composable infrastructure. 

dbt, both as a tool and as a community-driven movement, is 

uniquely positioned to facilitate this transition. By 

embracing streaming architectures, integrating with ML 

workflows, advancing semantic modeling, and aligning with 

composable data principles, dbt can continue to be a 

cornerstone of modern data ecosystems. As organizations 

pursue agility, governance, and innovation in their analytics 

strategies, these emerging directions will shape the next 

generation of data capabilities. 

 

3. Conclusion 

In the evolving landscape of modern data ecosystems, the 

interdependence between scalable infrastructure, robust 

attribution models, and a vibrant community is increasingly 

evident. As organizations grapple with growing data 

volumes, fragmented sources, and the demand for real-time 

insights, the need for integrated, well-governed analytics 

solutions becomes critical. Cloud-native infrastructure 

components—such as data warehouses, orchestration tools, 

and ELT pipelines—enable the foundation for performance 

and scalability. Attribution models, both rule-based and 

machine learning-driven, are essential for translating raw 

behavioral data into strategic insights, guiding decisions 

across marketing, product, and finance domains. However, 

neither infrastructure nor modeling can deliver their full 

potential without the collective knowledge, innovation, and 

best practices fostered by a strong open-source community. 

The rise of dbt (data build tool) marks a transformative shift 

in how organizations approach analytics engineering. By 

codifying transformations, enabling modularity, supporting 

rigorous testing, and encouraging version control, dbt-

centric workflows foster transparency, reproducibility, and 

collaboration across data teams. Moreover, the dbt 

community has extended its capabilities through packages, 

documentation, and semantic modeling initiatives—laying 

the groundwork for composable, domain-driven data 

systems. 

To remain competitive in data-rich environments, 

organizations must embrace this paradigm. Investing in 

scalable infrastructure, leveraging dbt’s transformation 

framework, and participating in the broader community 

ecosystem will be key to building agile, insight-driven 

enterprises. The call to action is clear: prioritize analytics 

maturity, promote data literacy, and empower teams through 

modern, collaborative platforms that turn raw data into high-

impact decisions. 
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