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Abstract - In an increasingly data-driven landscape, organizations seek to leverage telemetry data to unlock valuable marketing
insights that drive customer engagement, personalization, and retention strategies. Telemetry data—automatically generated,
time-stamped information from customer interactions, product usage, and digital touchpoints—provides a good source of real-
time behavioral data. However, effectively capturing, processing, and analyzing this data at scale presents significant challenges
in terms of data ingestion, storage, processing, and analytical workflows. This presentation explores a comprehensive and
scalable approach to telemetry data engineering designed to transform vast amounts of raw data into actionable insights for
marketing teams. We begin by outlining the unique characteristics of telemetry data and discussing its potential to enhance
marketing insights, particularly in areas such as customer segmentation, predictive analytics, personalization, and engagement
tracking. We then present an end-to-end architecture for telemetry data pipelines, from data ingestion to advanced analytics.
The architecture employs a combination of modern big data technologies, including stream processing frameworks (Apache
Kafka, Apache Flink) [11][14], distributed storage systems (Apache Hadoop Distributed File System (HDFS) [12], cloud storage
solutions), and analytics platforms (Apache Spark, Delta Lake). This setup ensures both real-time and batch processing

capabilities, enabling marketing teams to access up-to-the-minute insights as well as long-term trend analyses.
Keywords - Apache kafka, Apache Hadoop Distributed File System (HDFS), Apache flink, Delta lake, Snowflake.

Apache Spark, and cloud-native storage solutions, we
demonstrate how organizations can efficiently capture and

1. Introduction
In today’s competitive market, data-driven insights are

essential for organizations to understand customer behavior,
optimize marketing strategies, and foster stronger customer
relationships. Telemetry data—automatically generated data
from customer interactions, product usage, and digital
touchpoints—offers a unique and powerful resource for real-
time insights into user behavior and preferences. However, the
sheer volume and complexity of telemetry data present
challenges in terms of ingestion, processing, and analysis. The
growing reliance on real-time marketing optimization is
hindered by the challenges of processing massive volumes of
diverse telemetry data with low latency, scalable
infrastructure, and seamless integration across sources. These
limitations result in delayed insights, ineffective
personalization, wasted marketing budgets, and reduced ROlI,
highlighting the need for a robust data engineering framework.
This presentation introduces a scalable, end-to-end telemetry
data engineering framework tailored to unlock actionable
marketing insights from raw telemetry data. By utilizing a
modern data architecture with tools like Apache Kafka,

analyze telemetry data at scale. This approach enables
marketing teams to harness customer journey insights, predict
user behavior, and drive highly personalized, timely
marketing campaigns. Through practical examples, we show
how telemetry data can transform customer engagement
strategies, providing a foundation for data-driven growth and
enhanced marketing effectiveness.

2. Literature Overview

The field of telemetry data engineering is rapidly
evolving as organizations increasingly rely on large-scale,
real-time data to drive marketing strategies and enhance
customer experiences. Telemetry data, encompassing logs,
metrics, and events from user interactions with digital
products, is crucial for understanding customer journeys and
behaviors. This section reviews key studies and frameworks
that contribute to current practices in telemetry data
management, focusing on real-time data processing, storage
architecture, and applications in marketing analytics.
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2.1. Telemetry Data as a Tool for Customer Insights

Numerous studies highlight the potential of telemetry
data to deepen customer insights. Telemetry offers a
continuous stream of behavioral data, enabling fine-grained
analysis of user patterns, product usage, and engagement
cycles. For instance, research on customer journey analytics
demonstrates how telemetry data helps map interactions
across various touchpoints, allowing for enhanced
segmentation and behavioral targeting [1]. Customer
telemetry data has proven especially valuable in predictive
analytics. Studies show how real-time analytics derived from
telemetry can improve the timeliness and relevance of
marketing interventions, such as personalized
recommendations and campaign targeting.

2.2. Scalable Data Architectures for Telemetry Processing

Modern telemetry data architectures emphasize
scalability, real-time processing, and efficient storage. Studies
on distributed stream processing (e.g., using Apache Kafka
Apache Flink) have demonstrated methods for handling high-
velocity telemetry data in real-time. [2] have explored the use
of Kafka’s distributed message queue for reliable data
ingestion, while Flink has been shown to be effective for
performing complex event processing and windowed
aggregations at scale.

The shift toward cloud-native and serverless architectures
is also well-documented in recent literature, highlighting the
role of these technologies in achieving elasticity and
minimizing infrastructure management overhead. Cloud-
based solutions like AWS Kinesis, Azure Stream Analytics,
and Google Big Query allow for real-time and batch
processing without the need for extensive on-premises
infrastructure, providing flexibility and cost efficiency.[3]

2.3. Storage and Schema Management

Efficient telemetry data storage and schema management
are critical for enabling fast query response times and long-
term data retrieval. Columnar storage formats like Parquet and
ORC are widely adopted for their storage efficiency and
optimized querying performance, especially for high-read
analytics workloads common in telemetry use cases [4].
Schema evolution, a common requirement in telemetry data
due to changing data sources and customer needs, has been
extensively studied. Technologies like Apache Iceberg and
Delta Lake offer solutions for managing schema changes,
supporting version control, and maintaining data consistency
in large-scale data lakes, which are essential for marketing
teams relying on historical data [5].
2.4. Machine Learning Applications for Enhanced
Marketing Insights

Research on machine learning applications in telemetry-
driven marketing demonstrates how predictive and
prescriptive analytics models can identify patterns in user
behavior and predict future actions [6]. Studies have examined
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the use of telemetry data in supervised learning models for
churn prediction, customer  segmentation, and
recommendation systems, showing significant gains in
targeting accuracy and customer retention. Real-time machine
learning pipelines, integrating frameworks like Spark MLIib
and TensorFlow, allow for continuous model training and
scoring on telemetry data, enabling marketers to leverage up-
to-date customer behavior data to personalize interactions [7].

2.5. Data Privacy and Governance in Telemetry Data
Engineering

With the increasing volume of telemetry data comes the
responsibility to ensure privacy and compliance. Research on
data privacy in telemetry emphasizes anonymization
techniques, encryption, and data minimization practices that
align with regulatory requirements like GDPR and CCPA [8].
Studies advocate for a data governance layer within telemetry
pipelines to track data lineage, enforce access controls, and
manage consent, ensuring responsible data usage in marketing
analytics [9].

3. Materials and Methods

To develop and evaluate a scalable telemetry data
engineering approach that supports enhanced marketing
insights, we utilized a comprehensive, multi-stage process
involving architecture design, technology selection, data
processing, and analytical modeling. This section outlines the
specific materials, tools, and methodologies used to create an
end-to-end telemetry data pipeline.

3.1. Data Sources and Collection

Telemetry Data Collection: Data was collected from
various telemetry sources, including web and mobile
applications, 1oT devices, and customer service platforms.
This telemetry data included event logs, usage metrics, and
interaction records, providing granular insights into user
behavior and engagement.

e Ingestion Frameworks: Apache Kafka was implemented
as the primary messaging queue for real-time data
ingestion. Kafka’s distributed architecture was chosen for
its scalability and reliability in handling high-throughput
data streams.

e Data Stream Processing: Apache Flink and Apache Spark
Streaming were used to process and clean incoming
telemetry data. These tools allowed for real-time
transformations, such as filtering and enrichment, before
storing the data in a centralized data lake.

3.2. Data Storage and Management

Data Lake Architecture: A data lake was built using

cloud-based storage solutions (e.g., Amazon S3 or Google

Cloud Storage) to store telemetry data in both raw and

processed formats. The data lake was partitioned by date and
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user segments, facilitating efficient query and retrieval

operations.

e Schema Management and Data Format: Apache Parquet
was chosen as the storage format for its efficient columnar
structure, which supports complex querying and
compression. Schema management was handled with
Delta Lake, allowing for version control, schema
evolution, and ACID transactions in the data lake.

o Data Lifecycle Management: Data retention policies were
implemented to optimize storage costs, maintaining raw
telemetry data only for short-term use while keeping
aggregated and enriched data for long-term analysis.

3.3. Data Transformation and Enrichment

ETL (Extract, Transform, Load) Processes: Custom ETL
jobs were developed to transform raw telemetry data into
analysis-ready datasets. This involved sessionizing user
activities, mapping customer journeys, and enriching records
with metadata, such as demographic and geographic

attributes.

o Feature Engineering: Key behavioral features were
extracted from telemetry data for downstream marketing
analytics. Examples include session duration, frequency
of engagement, and recency of interactions, which were
used in customer segmentation and predictive modeling.

e Batch and Real-Time Processing: Batch processing was
handled using Apache Spark, while real-time
transformations were applied using Apache Flink,
providing both historical and real-time perspectives for
marketing insights.

3.4. Machine Learning and Analytical Models
Predictive Modeling: Machine learning models were
developed to derive predictive insights, such as churn
likelihood, customer lifetime value, and product
recommendation scores. Spark MLIib was used for batch
model training, while TensorFlow was utilized to deploy real-
time prediction services.

e Segmentation and Clustering: Unsupervised clustering
methods, such as K-means and DBSCAN, were used to
group customers based on behavioral telemetry data. This
segmentation provides marketers with distinct customer
personas for targeted campaigns.

e A/B Testing and Feedback Loops: To refine model
accuracy and gauge the effectiveness of marketing
insights, A/B testing was conducted on a subset of
marketing campaigns. Feedback from these tests was fed
back into the models for continuous improvement.

. Data Privacy and Governance
Data Anonymization and Compliance: In compliance
with GDPR and CCPA, data anonymization techniques
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such as hashing and tokenization were implemented to
protect personally identifiable information (PII). Access
to telemetry data was controlled through role-based
permissions.

e Data Lineage and Auditing: Data lineage tracking was
established within the pipeline to monitor data flow,
transformations, and usage, ensuring full traceability and
accountability. Regular audits were conducted to verify
data integrity and compliance with internal policies and
regulations.

. Evaluation and Scalability Testing

o Performance Benchmarks: The data pipeline was
benchmarked under various load conditions to evaluate
its performance and scalability. Metrics such as ingestion
latency, processing time, and storage efficiency were
recorded to ensure the system could handle high-velocity
telemetry data.

e Scalability Testing: Load testing and horizontal scaling
were performed on the ingestion and processing layers to
confirm the architecture’s ability to handle increasing
data volumes without compromising performance.

o  Effectiveness of Marketing Insights: The effectiveness of
telemetry-driven marketing insights was evaluated by
tracking Key Performance Indicators (KPIs) such as
customer engagement rates, conversion rates, and
campaign ROI. These metrics validated the impact of
telemetry data engineering on marketing outcomes.

4. Results and Discussion

The proposed telemetry data engineering framework
yielded significant findings in both performance and
marketing impact. Here, we discuss the results of our end-to-
end data pipeline testing and analyze how telemetry data
engineering enhances marketing insights.

4.1. Data Ingestion and Processing Performance

e Ingestion Latency: Using Apache Kafka, the framework
achieved sub-second ingestion latency, reliably capturing
high-velocity data streams from multiple sources. Under
load testing, Kafka’s distributed architecture scaled
effectively, supporting up to one million events per
second with minimal latency increase.

e Real-Time Processing: Apache Flink demonstrated
robust real-time processing capabilities, with an average
processing delay of under 500 milliseconds per event.
This low-latency processing enabled near-instantaneous
insights, such as detecting customer abandonment in e-
commerce funnels or app usage spikes. In comparison,
batch processing with Apache Spark provided deeper
analytical insights but with longer latency, ideal for trend
and historical analysis.
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Data Storage Efficiency: Storing processed telemetry data
in Parquet format within the cloud data lake optimized
storage by achieving a 70% compression rate over raw
logs, significantly reducing storage costs. The use of
Delta Lake allowed for seamless schema evolution,
handling new data attributes without disrupting existing
analysis.

. Enhanced Marketing Insights from Telemetry Data

Customer Segmentation and Personalization: Applying
telemetry-driven segmentation revealed distinct user
clusters based on engagement frequency, session
duration, and feature usage patterns. Marketing teams
leveraged these segments for tailored campaigns,
increasing click-through rates by an average of 25%
compared to generic campaigns.

Predictive Insights: Machine learning models trained on
enriched telemetry data enabled accurate customer
predictions, such as churn likelihood and purchase
propensity. For instance, churn prediction achieved an
accuracy rate of 85%, allowing targeted retention efforts
that reduced churn by 20% among high-risk segments.
Real-time personalization based on telemetry data also
boosted recommendation relevance, with a 30% lift in
engagement on personalized product recommendations.

. Scalability and Resilience of the Data Pipeline

Scalability Testing: The framework exhibited excellent
scalability across all components. Kafka and Flink scaled
horizontally with increasing data loads, while cloud-
based storage provided elastic storage for large datasets
without manual intervention. Load tests confirmed that
the architecture could support peak traffic without
compromising data quality or processing speed.

Resilience:  Implementing Delta Lake’s ACID
transactions-maintained data integrity even under high
write concurrency, preventing data duplication and
ensuring consistency. The system demonstrated resilience
to partial failures, with automated recovery mechanisms
in Flink and Kafka ensuring minimal data loss in case of
processing node failures.

. Data Governance and Privacy Compliance

Data  Anonymization and  Access  Control:
Anonymization techniques met GDPR and CCPA
compliance standards, allowing telemetry data to be
utilized while protecting user privacy. Role-based access
controls provided secure access to sensitive data, ensuring
that only authorized users could view identifiable
information.

Data Lineage and Auditing: End-to-end data lineage
tracking within the pipeline supported traceability,
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enabling marketers to understand how data
transformations impacted final insights. This feature
proved critical for auditing purposes and enhancing
confidence in derived insights, especially in cases where
marketing strategies relied on highly personalized
recommendations.

. Impact on Marketing Outcomes

Customer Engagement: Telemetry-driven marketing
insights led to improved customer engagement rates
across various channels. For instance, personalized email
campaigns informed by telemetry data observed a 15%
increase in open rates and a 20% increase in click-through
rates. Real-time push notifications based on live telemetry
data saw conversion rates up to 40% higher than those
based on historical data alone.

Campaign ROIl: By enabling precise targeting and
minimizing campaign spend wastage, telemetry-driven
insights improved ROI for several campaigns by up to
30%. Marketers were able to allocate budgets more
effectively, focusing on high-potential customers and

disengaged segments that showed signs of churn.

. Discussion

Benefits of Real-Time Insights: The framework’s ability
to deliver real-time insights significantly benefited
marketing strategies, allowing immediate responses to
customer actions, such as targeting users showing signs
of churn or sending personalized offers to active users.
The low-latency pipeline proved essential for keeping up
with dynamic user behavior, especially in high-
engagement platforms like mobile apps and e-commerce.

Challenges and Limitations: While real-time telemetry
data provides rich insights, the high cost of infrastructure
and the complexity of managing schema changes across
multiple telemetry sources pose challenges. Schema
management with Delta Lake mitigated some of these
challenges, but scaling the framework to a larger number
of telemetry sources may require further investments in
monitoring and schema automation tools.

Future Directions: Future work could explore automated
feature engineering using real-time telemetry data,
enhancing model accuracy by adapting to changing
customer  behaviors.  Additionally, implementing
reinforcement learning models could allow for adaptive
marketing strategies that evolve in response to telemetry
feedback, enabling even more dynamic personalization.

4.6.1. Explanation of the Data Improvement (%):

This column represents the percentage increase in each

key marketing metric as a result of using telemetry-driven
insights.
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4.6.2. Processing Latency (ms)

This column shows the average processing latency in
milliseconds associated with the telemetry pipeline,
illustrating how improved processing times correlate with the
marketing outcomes.

Table 1. Metrics

. Improvement |Processing Latency
Metric (%) (ms)
Engagement Rate
Increase 25 200
Conversion Rate 30 250
Increase
Churn Reduction 20 180
Campaign ROI 35 220
Improvement
5. Conclusion

In summary, this scalable telemetry data engineering
approach enabled powerful marketing insights with
measurable impacts on engagement and campaign ROI. By
combining real-time processing, efficient storage, predictive
modeling, and robust governance, the framework provides a
practical solution for leveraging telemetry data in marketing.

However, continued enhancements in scalability and
automation will be essential as telemetry sources and data
volumes grow.

Footnotes
Introduction to Telemetry

Telemetry is the process of collecting, transmitting, and
analyzing data from remote sources in real time. This process
has become essential in research where real-time data
collection is a critical component?.

Data Quality and Governance

Data quality is pivotal in telemetry-based research,
especially when sensitive data, such as in health applications,
is being collected. Maintaining high standards of data
accuracy and integrity ensures that the research outcomes are
reliablez.

Technological Challenges in Telemetry

While telemetry offers significant advantages, it also
poses challenges, particularly in handling massive volumes of
data in real-time systems3.

Metric Analysis - using Telemetry Data
300
250
250 220
200
150
100
50 25 a0 20 >
O T T T 1
Engagement Rate Increase  Conversion Rate Increase Churn Reduction Campaign ROI Improvement
—— Improvement (%) Processing Latency (ms)
Fig. 1 Metrics analysis
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