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Data Over Time
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Challenges of Today’s Environment

“*Complexity
“*Context
“*Cost
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The Al Dependency Principle

Artificial Intelligence is only as capable as the data pipelines that feeds it.

A Fragile Pipelines

Tightly coupled architectures break under high-velocity data loads, choking
model performance.

= Data Swamps

Ungoverned storage replicates legacy warehouse problems without adding
actionable intelligence.

=: Cost Overruns

E—3

Inefficient compute-to-storage ratios drain FinOps budgets before Al models
ever reach production.




Data Pipeline Engineers

Combine principles from:

Data
Mmanageme
Nt

Software Data
engineering analytics

Data
Engineerin
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Experience needed:

Traits:

Adaptable

Collaborative

Continuous
learner

Passion for
data!




What is a Data Pipeline?

Data Sources

Data Ingestion
D

Data Targets
JAdlc

Data Analysis

Data Consumption

Database systems, APIs, file systems, IoT devices, and streaming
platforms

Collecting data from various sources using batch processing,
real-time streaming, or direct connections

Data cleaning, validation, enrichment, aggregation, and applying
business logic

Storing transformed data in data warehouses, data lakes, or data
lakehouses for further processing

Coordinating the flow of data across stages using workflows,
scheduling, and automation tools

Using tools like Power BI or other analytics platforms for
generating insights and visualizations

Providing data to end users, applications, and dashboards for
decision-making and downstream processing
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Batch Processing

* Processes large volumes of data in batches at scheduled
intervals

» Best for use cases where real-time data is not required, such
as daily data lake updates or end-of-day reports

* Example tools: Apache NiFi, AWS Glue, Talend, Informatica
PowerCenter, Pentaho, Google Cloud Dataflow, SQL Server
Integration Services (SSIS)



ETL

e Extracts data from various sources, transforms it to a usable
format, and loads it into a target system like a data lake

» Often used for integrating data from muiltiple sources into a
centralized repository for analysis

* Example tools: Talend, Informatica, Azure Data Factory, SQL
Server Integration Services (SSIS), MuleSoft



Replication

* Copy and synchronize data from one system or database to
another, ensuring that multiple copies of the data remain
consistent across various locations

 Typically used for maintaining near-real-time replicas of data
or to perform the extract-load work in an ELT pipeline

* Example tools: Fivetran, Airbyte, and Qlik Replicate



Event-driven

* Triggered by specific events or changes in data, such as a
new record in a database or an API call

* Ideal for building applications that respond to specific
actions (e.g., updating customer data in real-time)

* Example tools: AWS Lambda with EventBridge, Apache
Kafka, and Azure Functions



Aggregation

* Focused on summarizing or aggregating large datasets to
create summary tables or views

* Used for generating roll-ups, totals, averages, or other
summarized metrics for dashboards and reports

* Example tools: SQL-based scripts, Apache Spark, and Power
BI Dataflows



The Decoupled Ingestion Engine

Shifting from fragile, tightly coupled batch ETL to decoupled, event-driven streaming.

1. Independent Scaling

Separates the ingestion |
allowing systems to scal

P

er from the query layer,
ased on specific

bottlenecks rather than upgrading the entire

monolith.

2. Loose Coupling

Source schema changes
no longer trigger cascad
the ecosystem.
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3. Real-Time Subscriptions ‘Al
Applications instantly suﬁcribe to governed topics,
enabling context-aware ATagents to act on data
immediately.






Traditional Integration is Insufficient
for this combination

Datla platforms operating at an enterprise-wide
scale

A high variety of data sources
Real-time/streaming data

DI forces either real-time loading without being
scalable or scalability with batch loading

* Data, produced from numerous sources, is a
torrent of flowing information, needing to be
timestamped, dispatched, and even duplicated
(to protect against data loss)

* A postman is needed to distribute data from
message senders to receivers at the right place
at the right time.
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Real-Time Data

* A.k.a. messaging, live feeds, real-time, event-
driven

* Comes in continuously and often quickly

* Needs special attention and can be of immense
value, but only if we are alerted in time

* Foundation for Artificial Intelligence

 Stream data forms a core of data for
artificial intelligence

17



Engineering for Data Stream
Processing

Latency
. Evaluate the acceptable latency for data processing, as this will determine the choice of stream
processing engines and data storage solutions
Scalability
« Design for horizontal scalability, as data volumes can grow rapidly in streaming scenarios

Fault Tolerance and Data Consistency

« Consider how the pipeline will handle failures, restarts, and reprocessing to ensure data
consistency

. Implement checkpoints and state management in the stream processing engine to recover
from failures
Windowing Strategy
. Select appropriate windowing strategies (e.g., tumbling, sliding, session windows) based on
the use case to ensure accurate data aggregation and analysis
Message Delivery Semantics

. Decide between at-most-once, at-least-once, or exactly-once me_ssage delivery based on the
importance of data accuracy and the tolerance for dupliCates or missed data



Enter Message-Oriented Middleware aka Streaming and message queuing technology

Messages can be any kind of data wrapped in a neat package with a very simple
header as a bow on top

Messages are sent by “producers”—systems, sensors, or devices that generate the
messages—toward a “broker.”

A broker does not process the messages, but instead routes them into queues
according to the information enclosed in the message header or its own routing

process

Then “consumers” retrieve the messages from the queues to which they subscribe
(although sometimes messages are pushed to consumers rather than pulled)

The consumers open the messages and perform some kind of action on them

19



Streaming Architecture

Change logs

Messaging or
Streamin Stream

g processing
Platform

Streaming data
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The Egress Leak: Boundary Friction in Data Streaming

Legacy SaaS

[ Compounding Tolls ) | Frictionless & Secure |

Remote Vendor Cloud
Unified Enterprise VPC

Data leaves enterprise boundary High Egress Friction Data Stays Within VPC Zero Cross-Boundary Fees




Apache Kafka & Similar

» Open source streaming platform developed at LinkedIn

A distributed publish-subscribe messaging system that maintains feeds of
messages called topics

» Publishers write data to topics and subscribers read from topics
» Kafka topics are partitioned and replicated across multiple nodes

* Enables “source to sink” data pipelines

» Kafka messages are simple, byte-long arrays that can store objects in
virtually any format with a key attached to each message; often in JSON

e E&L in ETL through Kafka Connect API
e Tin ETL through Kafka Streams API

e Fault-tolerant %Rﬁmfk
+ DIY BRES

22



Data Pipeline Operations

 Orchestration

* Coordinates and automates pipeline tasks and workflows.
* Tools: Apache Airflow, Luigi, Zapier, AWS Glue, Google Cloud Data Fusion.

» Benefits: Efficient data processing, reduced latency and manual effort.
* Monitoring
* Real-time tracking of pipeline performance, data quality and system health.

* Metrics, logs and alerts.

» Benefits: Early issue detection, minimized downtime and data loss.
* Observability
* Deep insights into pipeline behavior, data lineage and root cause analysis.

* Logging, tracing and visualization.

« Benefits: Improved debugging, optimized performance and informed decision-making.



Automated Remediation & Self-Healing Pipelines

Circuit Breaker Pattern

*

O

Automatically halts an application
from calling a failing data source,
preventing cascading system crashes
and compute exhaustion.

= Fallback Caching

O

Temporarily serves the last known
verified data state to maintain
uninterrupted operational uptime
while the primary pipeline is repaired.

Advancing from reactive alerts to proactive, ML-driven pipeline interventions.

=~ Dynamic Auto-Recovery Loop
O

Continuous observability telemetry feeds state
adjustments back into automated intervention
policies.

4} Anomaly Quarantine

O

Machine learning models detect
distribution drifts in real-time, routing
anomalous data to an isolated quarantine
zone for human review without stopping
the main data flow.
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1. Processing Engine & Ingestion Capabilities

. Connectivity &
Multi-Latency

- Native Connectors: On-prem,
multi-cloud, SaaS, REST APIs,
& message queues.

e Multi-Latency Support: Real-
time streaming, micro-batch,
& bulk loading.

« Change Data Capture (CDC):
Log-based streaming for
zero-downtime database

o W&?@F&%TL: Sync processed

warehouse analytics back to
business operational
platforms.

Data ,
Transformation

« ETL vs. ELT Flexibility:
Supports in-pipeline
processing and pushdown
transformations (Snowflake,

. Ejtggaqﬁrﬂansformations:

Stateful windowing, filtering,
and joining on live event

. E’t&ﬁfd}b% Code Support: Low-

code visual builders paired
with SQL, Python, dbt, and

P+

. ﬁga%mg(ﬂﬁbsdular Templates:

Standardize pipeline logic
across engineering teams.

9 Orchestration &

Workflow

- Event-Driven Triggers: Instant

pipeline execution on data
arrival, API calls, or upstream

&5Mpslex DAG Scheduling:
Flexible cron, dependency
mapping, and automated retry

g]?&'&?ﬁlf&fog Management:

Automatic job prioritization
when upstream queue

BantIANSSH Vsibility: Unified

cross-tool orchestration and
status monitoring.

4 Enterprise Scale &
Performance

Linear Auto-Scaling: Dynamic
compute node provisioning
without manual intervention.

Query Optimization: In-
memory caching, indexing,
and adaptive execution paths.

High Throughput: Minimal
sync latency between source
databases and cloud targets.

Resource Partitioning: Multi-
tenant isolation to prevent
noisy-neighbor query
throttling.




2. Security, Governance & FinOps Operations

a Security & Access
Contro

e Granular Access (RBAC): Role
and attribute-based permissions

across pipelines and data assets.

Dynamic Data Masking:
Automatic PIl obfuscation in

Ei%m Eﬂgr%ﬁ?gﬁ End-to-end

encryption with KMS customer-
managed keys.

Data Loss Prevention (DLP):
Real-time detection and block of
sensitive data leakage.

8 Quality &
Governance

® Automated Schema Checks:
Detect and alert on upstream
schema drifts before breaking

Wé)zﬂ?{ﬁhe Quality Testing: Inline
validation rules (null checks,
range limits, anomaly flags).

Single Source of Truth: Enforce
standardized data definitions
across all warehouse targets.

Circuit Breakers: Auto-halt
corrupted pipelines to prevent
downstream warehouse
contamination.

%" Cataloging &
Lineage

® End-to-End Lineage: Visual

column-level tracing from source
origin to Bl report.

Automated Data Catalog:
Searchable metadata index with
automated data profiling tags.

Impact Analysis: Predict
downstream breakages prior to
deploying schema modifications.

Audit Trails: Immutable logs
tracking who modified pipelines
or accessed sensitive records.

= FinOps &
Compliance

® Cost Optimization: Resource

capping, compute auto-suspend,
and query cost attribution.

Regulatory Compliance: Pre-
built controls for GDPR (Right-to-
be-Forgotten), HIPAA, SOC 2.

Ecosystem Versatility: Multi-
cloud portability (AWS, Azure,
GCP) avoiding vendor lock-in.

Zero-Downtime HA: Multi-region
failover and self-healing worker
nodes.

Data Pipeline Capabilities Architecture




3. Al, BI Integration & Evaluation Matrix

# Analytics, Automation & Al Capabilities

- Self-Healing Pipelines: Al-driven auto-correction for connection timeouts, schema shifts,
and memory leaks.

° Natural Language Generation (NLP): Prompt-driven pipeline creation and transformation
logic synthesis.

* Automated Data Discovery: ML algorithms auto-detect relationships, join paths, and
business entities.

* Predictive Anomaly Detection: Early warning systems for volume drops, duplicate spikes,
and stale data.

¢ Seamless BI & Analytics Tool Integration

- Direct Native Plugins: Native push integration with tools like Tableau, PowerBI, Looker, and
. IHBHivB Querying: High-speed caching layer enabling ad-hoc queries with sub-second

- Semantic Layer Synchronization: Reusable metric definitions maintained at pipeline level.




Evaluation of Enterprise Data Pipeline Tool
Capabilities

Native Connectivity and Multi-Latency Analytics, Automation and AI 15%
Data Ingestion 15%

Data Transformation 5% Data Cataloging and Metadata
Management 15%

Data Security and Access Control 10% Enterprise Scaling with Performance
10%

Data Quality and Data Governance 10% Ecosystem and Platform Versatility 5%

Workflow & Orchestration 5% Financial Operations, Compliance and
Data Auditing 10%







Design for Modularity and Scalability

* Break down the pipeline * Design the pipeline to * Partition large datasets
into smaller, reusable scale to handle (e.g., using time-based
components that can be increasing data volumes partitions) to optimize
independently * Horizontally: Add more performance and make
developed, tested, and nodes or instances processing more
deployed * Vertically: Enhancing efficient

* €.g., Ingestion, resources on a single
transformation, storage instance

* Isolate failures * Use cloud-based

* Make it easier to update solutions that support

specific parts automatic scaling



Design for Real-Time Needs

H b r i d * Support both real-time and batch
y data processing within the same
architecture

D a ta * Real-time streaming for immediate

insights

P rEcessi n q ‘ rB;FEg:tps)rocessing for periodic
vent- -
* Use event-driven architecture for

o c c .
D real-time data ingestion and
r |Ve n processing to react to data changes

Processing =~




Focus on Data Quality and Validation

* Integrate data validation steps to ensure data accuracy,
completeness, consistency, and validity as data flows
through the pipeline

* Validate data schema before processing to ensure that
the input matches the expected structure and fields,
especially when dealing with semi-structured or
unstructured data

* Regularly profile data to understand distributions,
patterns, and potential outliers; detect anomalies early;
and maintain data integrity.



Implement Error Handling and Monitoring

* Implement detailed
logging for tracking
errors at each stage of
the pipeline

* Set up alerts for critical
issues

* e.g., data source
unavailability,
transformation failures

* Build in automated
retries for transient
failures

* e.qg., network issues,
temporary API
downtimes

* Avoid manual
interventions and
ensure data flow
continuity

* Use monitoring tools

(e.g., Prometheus,
Grafana, Datadog)

* Track metrics such as

data processing times,
latency, throughput, and
error rates

* Quickly identify and

resolve performance
bottlenecks



Design with Data Lineage and Metadata Management

* Implement tools or frameworks that track the flow of data through
the pipeline, including transformations and data movements

* Debugging, auditing, and understanding data dependencies

* Use a metadata catalog to keep track of data schemas, data
sources, and transformations

* Provide transparency and facilitate data discovery



Optimize for Cost and Performance

* Optimize data storage and compute resources
Resource based on workload needs (e.g., choosing

thimization appropriate instance types, setting up auto-scaling
policies)

* Use data compression techniques (e.g., Parquet,
ORC formats) to reduce storage costs and speed up
data transfers

* Implement data retention policies to archive or
delete old data that is no longer needed, saving
storage costs and keeping the pipeline lean.



Adopt Continuous Integration & Development for Data
Pipelines

* Use version control systems (e.g., Git) to manage code and
configuration changes

* Integrate automated testing to validate changes before
they are merged into the main branch

* Automate the deployment of pipeline components to
different environments (e.qg., staging, production) to ensure
consistency and reduce human errors

* Create unit tests, integration tests, and end-to-end tests for
pipeline components to validate that each change is
functional and does not introduce regressions



Foster Collaboration and DataOps Culture

* Involve stakeholders like * Provide comprehensive * Reqularly review and
data engineers, documentation for each refine the pipeline
analysts, and business stage of the pipeline based on feedback, new
users early in the design * Include data schemas, technology
and testing process transformation logic, advancements, and

* Ensure that the pipeline and deployment changes in data volume
meets their needs and procedures or quality requirements
expectations * Help new team * Aim for iterative

members onboard improvements rather
quickly and than large, infrequent

* Ensure continuity overhauls



Prioritize Data Security and Compliance

* Implement role-
based access
control (RBAC)

* Use data masking to
restrict access to
sensitive data

* Use IAM policies or
similar access
control mechanisms

* Encrypt data at rest
and in transit to
protect sensitive
information and
ensure compliance
with data privacy
regulations (e.q.,
GDPR, CCPA)

* Maintain audit logs
for data access,
transformations,
and user
interactions with the
pipeline

* Provide traceability
for data lineage



The AI-Ready Blueprint

A modern data pipeline is not a single tool or static repository—it is a meticulously engineered flow of intelligence.

Central Message - Observability Human / AI
ezl Queue Barrier e Bisector Intelligence Node
r ™) g ) r ™ 4 ™ ' ™
® S = Q L
------------ " =llls — — — Y
Distributed Ingest Decoupled Buffer Unified Storage Real-time Immunity Autonomous Fuel
Yo, " . 7 L " L P L "
1. Architecture & 2. Flow faXd 3. Immunity L) 4. Adoption 23
O O O O
Balancing local edge memory and low- Decoupling ingestion layers to prevent Deploying proactive observability to slice Engineering human change management
latency workloads with centralized cascading system failures and manage through data noise and trigger automated directly into the architecture and
lakehouse compute. network egress costs. remediation loops. operational deployment cycle.

i B J

"When engineered correctly, data ceases to be a liability and becomes the autonomous, high-velocity fuel for the enterprise,



Summary

Modern Architectiire Fuvolvina from riaid batch ETL toward real-
time, event-driven streaming pipelines.

Decouinled Tnaestion:® LIsina message queues to isolate ingestion
and scale compute independently.

Automated Self-Healina: Tmnlementina circuit breakers, anomaly
quarantines, and ML-driven auto-recovery loops.

Governance & FinOns: Fnfarcina RBAC, dynamic masking, column
lineage, and cloud cost controls.

AT & RT Acceleration: lInifvina semantic Iayers for sub-second
dashboards and context-aware Al agents.

Platform Fvaliiation: Selectina toonlset hased on Native ('nnnprfivity
Aand Miilti-l atencv Data Tnaestion. Analvtics. Atitomation and Al

and Data Cataloging and Metadata Management.

Fnternrise Readiness: NDesianina rohiist architectiires that
minimize downtime, repair failures, and keep maintenance
overhead low.
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