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Abstract

The rapid proliferation of digital information in diverse industries has thrust real-time data transformation
into the spotlight, enabling immediate conversion of raw datasets into valuable insights. This paper
emphasize on the architectural, methodological, and operational dimensions of employing dbt (data build
tool) Labs for instantaneous data transformations, while elaborating on the technical underpinnings that
drive such processes. Real-time analytics, facilitated by dbt’s streamlined framework, empowers
organizations to make speedy and strategic decisions based on the most updated data. The ensuing
discussion is structured to elucidate the theoretical background behind real-time data handling, the role of
dbt Labs in constructing flexible pipelines, and the key practices for implementing scalable and robust
transformations. By analyzing tangible applications and exemplifying how dbt fosters a collaborative
ecosystem, this work also highlight the inherent hurdles and relevant mitigations. Overall, the findings
underscore how dbt-based real-time pipelines form a bedrock for advanced analytics, fostering both
operational efficiency and dependable data-driven intelligence in modern enterprises.
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1. Introduction

Organizations nowadays contfront a torrent of information generated from a variety of sources, such as
transactional systems, sensor devices, social media platforms, and user interactions. The impetus to
transform this raw data in near real time has become ever more pronounced, given the evolving needs for
quick decisions, immediate anomaly detection, and just-in-time analytics. Traditional batch-oriented
systems—where data is routinely extracted, loaded, and processed on a predefined schedule—often fail to
meet these urgent demands due to inherent latencies and complexities.

dbt Labs has been at the forefront of revolutionizing data transformations by introducing a framework that
merges data engineering paradigms (such as version control, code modularization, and automated testing)
with the user-friendliness typically associated with business intelligence workflows. While dbt was
originally conceptualized for batch transformations, its architectural malleability and direct integration
with advanced warehouse technologies make it well-suited for real-time or near-real-time use cases as
well. This paper outlines the essential theoretical constructs, core architecture, recommended design
strategies, and real-world use cases surrounding real-time transformations using dbt Labs, culminating in
a comprehensive overview of both benefits and potential pitfalls.
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2. Background

Real-time data transformation basically refers to the continuous adaptation of ingested data into refined,
structured, and analytics-ready forms with negligible delays. The impetus for adopting real-time
workflows arises in numerous contexts: credit card fraud detection that requires sub-second reaction times,
personalization engines that adjust recommendations based on instantaneous user behavior, or logistics
systems that orchestrate supply chain resources dynamically. Real-time or near-real-time transformations
revolve around the principle that data is processed immediately upon arrival, enabling analytics solutions
to act on the freshest possible insights.

dbt, short for data build tool, is an open-source command-line utility that has garnered immense traction
for orchestrating transformations in modern data warehouses. Developed by dbt Labs, it adheres to a
philosophy reminiscent of software engineering: transformations are crafted as code (primarily SQL,
sometimes in combination with Jinja templates), versioned in Git, rigorously tested, and documented
automatically.

dbt Cloud, the commercial offering from dbt Labs, expands on these functionalities by integrating a user-
friendly IDE, job scheduling, and collaborative features, among others. In conventional data workflows,
dbt focuses on the “T” in ELT (Extract, Load, Transform). Raw data is first loaded into the warehouse
(e.g., Snowflake, BigQuery, Redshift), and then dbt’s transformations are executed directly in that
environment.
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Figure 1: Hlustration of dbt Cloud workflow
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From an architectural perspective, dbt is anchored in the principle of modular data modeling. Users define
transformations as “models,” which are effectively SQL queries that, once compiled, create actual views
or tables in the warehouse. This encourages reusability, maintainability, and clarity, as each model is
discreetly responsible for a specific transformation or set of transformations.

Within the realm of real-time data transformation, the synergy among dbt, a streaming ingestion
component (such as Kafka or Kinesis), and a cloud data platform (like Snowflake or BigQuery) is crucial.
Data is continuously fed into ingestion tables or staging layers. dbt is then triggered—either on a schedule
so small as to mimic real time or event-driven if the underlying platform supports it—to compile and
execute transformation queries that produce updated models in near real time.

3. Implementation strategies

Materialized views are database objects that physically store the outcome of a transformation query, thus
simplifying frequent reads of aggregated or derived data. In the realm of real-time data transformation,
refreshing these materialized views at tight intervals can approximate real-time readiness. The advantage
IS a substantial speed boost during read queries, since the heavy lifting of computing the aggregation or
join is pre-performed.

Incremental models stand as a hallmark of dbt’s approach to real-time transformation. They revolve
around the concept of loading or processing solely the new or updated data since the last successful run.
Because transformations only address these incremental portions, the time to materialize or update tables
is minimized. This approach is particularly beneficial when working with continuous data streams, as
small chunks of data trickle in at frequent intervals.
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Figure 2: Illustration of the ADLC Workflow with dbt Cloud
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Lambda views embody a pattern that merges historical batch data with real-time streaming data, yielding
a unified dataset that covers both recent data and complete historical context. The nomenclature is derived
from the broader “lambda architecture,” which segments ingestion and processing into multiple layers—
one for batch-based historical processing and another for real-time streaming. By joining these layers, data
consumers gain the best of both worlds: up-to-date data and the entire backlog of historical records.

4, Case studies

JetBlue’s foray into real-time data transformation underscores how an enterprise can harness dbt to
enhance operational efficiency. The airline used a combination of Snowflake (as the data platform), dbt,
and streaming ingestion (via a message queue) to build lambda views. Historical data regarding flight
schedules, ticket bookings, maintenance logs, and other vital metrics resided in Snowflake. Meanwhile,
real-time data about flight statuses, seat availability, and traveler check-ins streamed continuously.
Through dbt, JetBlue combined these two layers into a single, real-time analytics environment.

Another example is a global media streaming provider that required sub-second insights on user
behavior—pause events, skip rates, search queries, watch durations, etc.—to personalize content
recommendations in real time. Initially, they employed daily batch runs for aggregates, leading to stale
recommendations. Overhauling their approach, they integrated dbt with a streaming ingestion pipeline
into BigQuery. Each user interaction was fed into incremental models that updated user segmentation,
content popularity metrics, and real-time preference cohorts.

5. Benefits of using dbt for real-time data transformation

dbt’s code-centric methodology cultivates synergy among data stakeholders—analysts, engineers,
scientists, and business intelligence teams—»by unifying transformation logic in a transparent Git
repository. This alignment ensures that real-time and batch transformations remain consistent, lowering
friction when changes are introduced. Additionally, data governance becomes simpler to enforce since
transformations are explicitly documented, tested, and version-controlled.

High data quality is essential in real-time analytics, where decisions are triggered rapidly. dbt includes a
robust testing framework that can be augmented with custom tests. For instance, checks for referential
integrity, data completeness, or threshold-based validations can be embedded within the transformation
pipeline. This helps guarantee that erroneous data does not propagate unnoticed. In scenarios where data
must be immediately actionable, catching anomalies early can avert severe operational or financial
consequences.
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Figure 3: lllustration of the Data Pipeline from Origination to Access with dbt's Transformation Focus.

Because dbt sits on top of modern data warehouses, it reaps their elastic scaling capabilities. As data
ingestion volumes climb, organizations can typically scale up compute resources and maintain
performance levels. Moreover, dbt’s modular nature simplifies the introduction of new real-time data
sources, giving teams the agility to respond to shifting data requirements. This combination of horizontal
and vertical scalability is crucial for sustaining real-time transformations in large organizations.

6. Advanced technical implementations for real-time transformations in dbt

While dbt is traditionally invoked on a schedule, real-time transformations demand an event-driven
approach. By integrating dbt with event-streaming platforms like Apache Kafka or Google Pub/Sub, data
pipelines can be triggered immediately upon the arrival of new data. For instance, a Kafka connector can
publish events to a REST API endpoint, which then invokes dbt jobs through the dbt Cloud API. This
setup ensures that transformations are processed almost instantaneously, minimizing delays.

Change Data Capture (CDC) is a critical methodology for real-time data pipelines. When combined with
dbt, CDC pipelines can extract only the modified rows from source systems and push them into staging
tables. Tools like Debezium or AWS DMS can seamlessly integrate with dbt’s incremental models to
update downstream transformations. This approach significantly reduces the compute overhead, enabling
efficient real-time updates even for high-volume datasets.

Dynamic partition pruning is an optimization technique that filters data based on runtime conditions.
Within dbt, this can be implemented by creating models that dynamically generate WHERE clauses based
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on input parameters, such as a time window or an event type. This ensures that dbt processes only the
relevant subsets of data, speeding up query execution and reducing costs for real-time transformations.

7. Optimizing performance for real-time data transformation

In real-time environments, the time it takes for dbt to compile and execute SQL queries can introduce
significant latencies. To optimize this, dbt users should:

Use precompiled macros for commonly used transformation logic.
Leverage compiled SQL caching, where repetitive queries are stored and reused without
recompilation.

e Reduce query complexity by splitting large transformations into smaller, reusable models.

Real-time pipelines benefit significantly from parallel execution of independent models. dbt Cloud
supports parallel job execution, but advanced workflows can extend this capability by integrating
orchestration tools like Apache Airflow or Dagster. By defining dependency graphs, these tools can run
independent dbt models concurrently, cutting down overall transformation time.

8. Real-world applications and success stories

A global bank implemented real-time fraud detection by integrating dbt with Apache Kafka and
Snowflake. Transactional data streamed into Kafka was ingested into Snowflake staging tables, where dbt
applied real-time transformations to identify suspicious patterns. Incremental models aggregated data
across multiple accounts, comparing transaction velocities and amounts to predefined thresholds. The
system generated alerts within seconds, saving millions in potential losses annually.

A leading e-commerce platform optimized its inventory management system using dbt for real-time
updates. Streaming loT data from warehouse sensors, combined with purchase data, was processed in near
real time. dbt’s incremental transformations updated stock levels and triggered restocking
recommendations dynamically. The implementation reduced stockouts by 35% and improved overall
delivery efficiency.

9. Scalability and resilience in real-time transformations

Real-time pipelines must handle fluctuating workloads, such as during peak traffic periods. dbt’s
compatibility with scalable cloud warehouses like BigQuery and Snowflake allows organizations to
horizontally scale compute resources dynamically. By utilizing warehouse auto-scaling features,
transformation queries can maintain consistent performance even under heavy loads.

IJAIDR24021259 Volume 15, Issue 2, July-December 2024 6



https://www.ijaidr.com/

Journal of Advances in Developmental Research (IJAIDR)

[ |
w
% E-ISSN: 0976-4844 e Website: www.ijaidr.com e Email: editor@ijaidr.com

Transaction DB and
Applications Google Cloud
(.17‘ : Ingestion tools BigQuery (Analytical Database) Distribution Layer
0 Q LANDING STAGING DATA DATA MARTS c
.mnnnol)B W AIRSYTE ZONE AREA WAREHOUSE O }
"dbt Hdbt Xdbt = Vemw

. N - MMeltano - t- . - .-. - Supersel

\\\ Fivetran

& - ‘a 6

|
Basic ransformations and
| Data model with full Exposed tables

| Append with deltas |

@ mailchimp =) Census |
EL (exvactona Loss D — ) i

| Orchestration R Airflow O

Figure4: Illustration of a Modern Data Architecture from Ingestion to Insights with BigQuery, dbt, and
Google Cloud.

Real-time systems must ensure resilience against failures. To achieve this, organizations should
implement:

e Retry mechanisms: dbt transformations can be wrapped in retry logic via orchestration tools like
Airflow.

e Checkpointing: Incremental models inherently support checkpointing by processing only new
data. Additionally, dbt tests can validate data integrity after each transformation.

e Idempotency: Transformation logic in dbt should be designed to handle duplicate or partially
processed records without impacting results.

10. Future of real-time dbt implementations

Integrating dbt with real-time machine learning workflows is a burgeoning area. For instance, real-time
feature engineering can be achieved by combining dbt’s transformations with tools like Vertex Al or
SageMaker. Transformed data is fed directly into streaming machine learning pipelines for immediate
model retraining, enabling Al systems to adapt dynamically to changing conditions.

Federated query engines like Trino (formerly PrestoSQL) allow dbt to perform real-time transformations
across disparate data sources. This setup eliminates the need to centralize all data in a single warehouse,
enabling faster insights from hybrid environments.

As real-time data needs grow, dbt Labs may introduce support for SQL-on-streaming engines like Apache
Flink or Materialize. These tools execute transformations on continuous streams rather than batches,
pushing the boundaries of real-time analytics.

11. Conclusion

The integration of dbt Labs into real-time data transformations marks a pivotal shift in how organizations
manage, govern, and leverage continuous data flows. By merging the best practices of software
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engineering—version control, modular design, automated testing—with advanced data warehouse
capabilities, dbt can deliver timely insights and unlock dynamic analytics. Strategies like materialized
views, incremental models, and lambda views let data engineers choose the transformation patterns that
balance cost, performance, and operational requirements.

Looking ahead, as enterprises continue to adopt streaming-based ingestion and real-time decision flows,
tools like dbt are likely to see further innovations that simplify or automate certain aspects of continuous
data transformation. The synergy between data engineering best practices and streaming technologies will
remain a key driver in shaping the next wave of data intelligence. By embracing dbt’s architecture,
organizations can future-proof their analytics strategies, ensuring that data-driven insights remain aligned
with both operational complexities and emerging opportunities.

References

1. B. Chen, “Real-Time Data Transformation and Analytics with dbt Labs,” in Confluent Developer
Podcast, K. Jenkins, Ed. Mountain View: Confluent, 2023.

2. A. Chen, “How to Create Near Real-Time Models with Just dbt + SQL,” in dbt Blog, J. McNamara,
Ed. Philadelphia: dbt Labs, 2020.

3. M. Swartz, “JetBlue Eliminates Data Engineering Bottlenecks with dbt,” in dbt Case Studies, J.
McNamara, Ed. Philadelphia: dbt Labs, 2020.

4. M. Swartz, “Nasdaq’s Route to the Modern Data Stack,” in dbt Case Studies, J. McNamara, Ed.
Philadelphia: dbt Labs, 2020.

5. D. Poppy, “Five Real Data Transformation Examples,” in dbt Blog, J. McNamara, Ed. Philadelphia:
dbt Labs, 2024.

6. A. Chen, “Seven Use Cases for dbt,” in dbt Blog, J. McNamara, Ed. Philadelphia: dbt Labs, 2020.

7. A. Chen, “How to Create Near Real-Time Models with Just dbt + SQL,” in dbt Discourse, J.
McNamara, Ed. Philadelphia: dbt Labs, 2020.

8. H. Lu, “Examples of Data Build Tool: dbt Implementation and Success Stories,” in Orchestra
Guides, S. Patel, Ed. San Francisco: Orchestra, 2023.

9. R. Kumar, “6 dbt Use Cases to Solve Data Engineering Problems,” in Hevo Learn, S. Gupta, Ed. San
Francisco: Hevo Data, 2023.

10. A. Novikov, “Enpal Fuels Data Efficiency with dbt Cloud and Saves 70% on Data Costs,” in dbt
Case Studies, J. McNamara, Ed. Philadelphia: dbt Labs, 2023.

IJAIDR24021259 Volume 15, Issue 2, July-December 2024 8



https://www.ijaidr.com/

