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∩∩∩ 
/       \ 
|  ◕ ◕  | 
|   ◡   | 
\___/ 

KID 

◄   

"Grandpa, how did computers learn 
to handle so much data?" 

 _____ 
/     
\ 

| ⌐■-■ | 
| ═╧═ | 
\_____/ 

VETERAN 

◄   

"Ah, sit down kiddo! It's quite a 
journey - 40 years of solving one 
problem after another!" 

 

How we handle data has changed dramatically over the past four decades. What started as simple digital 

record-keeping in the 1980s has evolved into intelligent systems that can process massive amounts of 

information instantly. Each step in this journey didn't just bring better technology—it changed how 

businesses operate, created entirely new job roles, and opened up possibilities that seemed like science 

fiction before. 

This article walks through eight distinct stages of this evolution, explaining the breakthroughs that 

defined each era—from early transaction systems through NoSQL databases, real-time processing, cloud 

and hybrid architectures, data governance, open formats, vector databases for AI, and today's unified 

intelligence platforms.  
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THE DATA EVOLUTION JOURNEY 

Key milestones that shaped modern data infrastructure 

1979 

Oracle Database 
Birth of commercial relational databases and 

SQL 

● 

 

 

● 

1996 

Data Warehousing Era 
Teradata, OLAP cubes, and business 
intelligence 

2006 

Hadoop & Big Data 
Distributed computing for massive datasets 

● 

 

 

● 

2009 

NoSQL Revolution 
MongoDB, Cassandra, Redis break relational 
dominance 

2011 

Stream Processing 
Kafka and real-time data pipelines emerge 

● 

 

 

● 
2014 

Cloud Warehouses 
Snowflake separates storage from compute 

2017 

Open Table Formats 
Iceberg, Delta Lake free data from vendor 

lock-in 

● 

 

 

● 
2018 

Governance Era 
GDPR makes data governance mandatory 

2022 

GenAI & Vector DBs 
ChatGPT sparks RAG and embedding 

revolution 

● 

 

 

● 
2024 

Unified Platforms 
AI, analytics, and streaming converge 

 ▼ The journey continues... 
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STAGE 1  |  1980s – Early 1990s 

The OLTP Foundation 

∩∩∩ 
/       \ 
|  ◕ ◕  | 
|   ◡   | 
\___/ 

KID 

◄   

"So how did it all begin? What was 
the first problem?" 

 _____ 
/     
\ 

| ⌐■-■ | 
| ═╧═ | 
\_____/ 

VETERAN 

◄   

"Simple - we needed computers to 
remember things perfectly! Banks 
can't afford to lose your money!" 

 

The digital enterprise started with a simple goal: record business transactions reliably. Banks needed to 

track account balances. Retailers needed to manage inventory. Manufacturers needed to log production. 

Databases like Oracle, IBM DB2, and Sybase became the workhorses that made this possible. 

These early systems were built around one critical promise: data integrity. When you transferred $100 

from checking to savings, the system guaranteed that money wouldn't vanish into thin air or accidentally 

double. This was made possible by something called ACID properties—a set of rules ensuring that 

transactions either complete fully or don't happen at all. 

Think of it this way... 

ACID transactions work like an ATM withdrawal. Either you get your cash AND your account is debited, or 
neither happens. You'll never see your balance drop without cash appearing in your hand. The system 
treats multiple steps as one indivisible action. 

 

Key Innovations 

→ Relational Model — Organized data into tables (like spreadsheets) with SQL as the universal language 
to query them 

→ ACID Transactions — Guaranteed that operations complete fully or not at all—no half-finished 
business 

→ Indexing — Like a book's index—helped find specific records in milliseconds instead of scanning 
everything 

Cost & Impact: Hardware was incredibly expensive—mainframe computers cost millions. Teams were 

small but highly paid. Businesses that adopted these systems early gained a significant edge in 

operational efficiency. 
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STAGE 2  |  Mid-1990s – Mid-2000s 

The Data Warehouse Era 

∩∩∩ 
/       \ 
|  ◕ ◕  | 
|   ◡   | 
\___/ 

KID 

◄   

"What if you wanted to look at years 
of records and find patterns?" 

 _____ 
/     
\ 

| ⌐■-■ | 
| ═╧═ | 
\_____/ 

VETERAN 

◄   

"Great question! We built separate 
'thinking rooms' called data 
warehouses for that!" 

 

After years of recording transactions, businesses found themselves sitting on mountains of historical 

data. A new question emerged: What stories are hidden in all these records? Could we spot trends? 

Identify our best customers? Predict busy seasons? 

The problem was that asking complex questions slowed down the systems handling live transactions. You 

couldn't run a heavy report while customers were trying to check out. 

Think of it this way... 

Imagine a busy restaurant kitchen (your transaction system) trying to also conduct cooking experiments. 
The experiments would slow down meal service. The solution? Build a separate test kitchen (data 
warehouse) where chefs can analyze recipes using copies of ingredients, without disrupting the lunch 
rush. 

 

The data warehouse was born: a separate system designed specifically for analysis, not transactions. 

Companies like Teradata and IBM built specialized machines for this purpose. Data was copied from 

operational systems into these warehouses, reorganized for easy analysis. 

The Age of Batch Processing 

This era established batch processing as the standard way to move and transform data. 'Batch' means 

collecting data over time and processing it all at once, usually overnight. 

A typical setup worked like this: during business hours, transaction systems recorded sales, orders, and 

customer interactions. After midnight, automated jobs would extract this data, transform it (clean up 

errors, calculate totals, reorganize), and load it into the warehouse. By morning, executives could review 

yesterday's numbers over coffee. 

Think of it this way... 

Batch processing is like postal mail. Letters are collected throughout the day, sorted overnight at a central 
facility, and delivered the next morning. It's efficient for handling large volumes, but you can't get instant 
delivery—there's always a delay. 
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This approach worked well for many use cases. But it had limitations: 

Always looking backward: Data was always at least hours old. You couldn't answer 'what's happening 

right now?' 

Processing bottlenecks: All jobs competed for the same overnight window. If something failed, you 

waited another 24 hours. 

No immediate reaction: You couldn't detect fraud as it happened or personalize a website while 

someone was browsing. 

Key Innovations 

→ Data Warehouses — Dedicated systems for analyzing historical data without slowing down operations 

→ ETL Pipelines — Extract-Transform-Load: automated processes that moved and cleaned data nightly 

→ BI Tools — Business Intelligence software (like Cognos, MicroStrategy) that let non-technical users 
create reports 

→ OLAP Cubes — Pre-calculated summaries that made drill-down analysis instant 

Cost & Impact: These projects often cost millions and took 12-18 months. New job roles emerged: ETL 

developers, BI analysts, data modelers. For the first time, businesses could see historical trends—but 

real-time insight remained out of reach. 
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STAGE 3  |  Late 2000s – Mid-2010s 

The Big Data Revolution 

∩∩∩ 
/       \ 
|  ◕ ◕  | 
|   ◡   | 
\___/ 

KID 

◄   

"What happened when there was 
TOO much data for one computer?" 

 _____ 
/     
\ 

| ⌐■-■ | 
| ═╧═ | 
\_____/ 

VETERAN 

◄   

"We used thousands of cheap 
computers working together! And 
learned to process data instantly - 
like texts!" 

 

The internet changed everything. Suddenly, companies weren't just recording sales transactions—they 

were logging every click, every search, every page view. Social media generated billions of posts. Sensors 

in factories and phones produced continuous streams of data. Traditional systems couldn't keep up. 

In 2003-2004, Google published papers describing how they handled this challenge internally. Their 

approach: instead of buying one massive expensive computer, use thousands of cheap computers 

working together. If one fails, no problem—the others keep going. This idea, implemented as Hadoop at 

Yahoo!, made processing enormous datasets affordable for everyone. 

Think of it this way... 

Traditional databases were like hiring one super-genius to solve a massive puzzle. Hadoop was like hiring 
a thousand regular people, giving each person a small piece, and combining their answers. Slower per 
person, but vastly more scalable—and if someone calls in sick, the work continues. 

 

The 'data lake' concept emerged: dump all your raw data into cheap storage now, figure out how to use 

it later. This was liberating—no need to decide upfront what questions you'd ask. But it also created 

chaos, as many data lakes became disorganized 'data swamps' where nobody could find anything. 

The NoSQL Revolution: Breaking Free from Tables 

While Hadoop solved batch analytics at scale, another revolution was brewing for operational workloads. 

The relational model—tables with rigid schemas and SQL queries—had dominated for 30 years. But 

web-scale companies like Google, Amazon, and Facebook discovered its limits. 

Think of it this way... 

Relational databases are like filing cabinets with rigid folders—great for organized documents, but try 
storing a mix of photos, videos, sticky notes, and 3D models. NoSQL databases are like flexible storage 
bins—each item can be shaped differently, and you can scale by simply adding more bins. 

 

The problems with traditional relational databases at web scale: 
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Rigid schemas: Every row must have the same columns. But a social media post might have photos, 

videos, polls, or just text—forcing everything into the same structure was awkward. 

Scaling limits: Relational databases scaled 'vertically'—buy a bigger server. But there's a ceiling. NoSQL 

databases scaled 'horizontally'—add more cheap servers. 

Complex joins: Relational databases excel at joining tables, but joins across distributed servers are 

expensive. NoSQL often denormalizes—storing redundant data to avoid joins. 

Different NoSQL categories emerged for different needs: 

Document Databases (MongoDB, Couchbase, Amazon DocumentDB): Store data as flexible JSON-like 

documents. Perfect for content management, user profiles, catalogs—anywhere data structure varies. 

MongoDB became the poster child, now used by millions of applications. 

Key-Value Stores (Redis, Amazon DynamoDB, Riak): Simple but blazingly fast. Store and retrieve data by 

a unique key. Redis became essential for caching, session storage, and real-time leaderboards. 

DynamoDB powers Amazon.com itself. 

Column-Family Stores (Apache Cassandra, HBase, ScyllaDB): Optimized for massive write volumes and 

time-series data. Cassandra, born at Facebook, handles millions of writes per second. Used by Netflix, 

Apple, and Instagram. 

Graph Databases (Neo4j, Amazon Neptune, TigerGraph): Store relationships as first-class citizens. Perfect 

for social networks, fraud detection, recommendation engines. Finding 'friends of friends' that would 

require complex SQL joins becomes a simple traversal. 

The CAP Theorem Reality Check 

Computer scientist Eric Brewer proved you can only guarantee two of three properties: Consistency 
(everyone sees the same data), Availability (system always responds), Partition tolerance (works despite 
network failures). NoSQL databases made different tradeoffs—some prioritized availability over 
consistency, accepting that data might be briefly out of sync. 

 

The NoSQL movement didn't kill relational databases—it created 'polyglot persistence.' Organizations 

now use multiple database types: PostgreSQL for transactions, MongoDB for flexible content, Redis for 

caching, Neo4j for recommendations, Cassandra for high-volume logs. The right tool for each job. 

 

Page 7 



 
The Search Revolution: Finding Needles in Petabyte Haystacks 

As data volumes exploded, a new problem emerged: how do you find a needle in a petabyte-sized 

haystack? Traditional databases could query structured data, but what about searching through millions 

of log files, documents, or product descriptions? 

Think of it this way... 

Traditional database queries are like asking a librarian for 'the book with ISBN 
978-0-123456-78-9'—precise but limited. Search engines are like asking for 'books about space 
exploration written in an accessible style'—they understand meaning, rank relevance, and handle typos 
gracefully. It's Google for your own data. 

 

The search technology stack evolved rapidly: 

Apache Lucene (2001) laid the foundation—a powerful Java library for full-text indexing and search. It 

understood text: stemming ('running' matches 'run'), fuzzy matching (handling typos), relevance scoring, 

and phrase search. 

Apache Solr (2006) built an enterprise search platform on top of Lucene. It added a server layer, faceted 

search (filter by category, price range, brand), and replication for scale. E-commerce giants and media 

companies adopted it for site search. 

Elasticsearch (2010) combined Lucene's power with a distributed architecture and a dead-simple REST 

API. Suddenly anyone could spin up a search cluster that scaled horizontally across hundreds of servers. 

Its secret weapon: developer experience that felt modern. 

The ELK Stack (Elasticsearch, Logstash, Kibana) became ubiquitous for log analytics. Every click, error, 

and system event could be ingested, indexed, and visualized in near real-time. DevOps teams could 

debug production issues by searching through billions of log lines instantly. 

OpenSearch (2021) emerged when AWS forked Elasticsearch after licensing changes. It ensured the 

technology remained truly open source, backed by Amazon, and adopted by organizations wary of 

vendor lock-in. 

The line between 'search engine' and 'analytics database' began to blur. Companies used Elasticsearch 

not just for search boxes, but for real-time dashboards, security monitoring (SIEM), application 

performance monitoring, and even as a fast read layer for analytics. Search became infrastructure. 
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The Birth of Stream Processing 

As data volumes exploded, so did business demands for speed. Overnight batch processing was no 

longer good enough for many use cases: 

Fraud detection: Credit card companies needed to spot suspicious transactions in milliseconds—not 

discover them in next-day reports after thieves had emptied accounts. 

Personalization: Online stores wanted to recommend products while customers were still browsing, not 

after they'd left. 

System monitoring: Tech companies needed instant alerts when servers were failing—not overnight 

summaries of yesterday's outages. 

IoT and sensors: Factories and logistics companies generated continuous data streams that couldn't wait 

for nightly processing. 

Think of it this way... 

If batch processing is postal mail, stream processing is text messaging. Messages are delivered instantly 
as they're sent. You don't wait for a daily mail truck—information flows continuously. When speed 
matters ('There's a fire!' vs. 'Here's your monthly newsletter'), you need the text message approach. 

The Stream Processing Toolkit 

Apache Kafka (created at LinkedIn, 2011) became the backbone of real-time data movement. Think of 

Kafka as an incredibly reliable postal system that never loses a letter, can handle billions of messages per 

day, and lets multiple recipients read the same message independently. Over 100,000 organizations now 

use Kafka. 

Apache Storm (Twitter, 2011) was the first widely-used system for processing these streams in 

real-time—like having workers who open and act on each letter the instant it arrives, rather than waiting 

for the daily mail bag. 

Apache Spark Streaming (2013) took a hybrid approach called 'micro-batching'—collecting tiny batches 

of data (half a second's worth) and processing them rapidly. Not quite instant, but close enough for many 

use cases and simpler to manage. 

Apache Flink (2014) emerged as the most sophisticated option, processing events one-by-one with 

millisecond delays while handling the complexity of events arriving out of order (like texts that arrive in 

the wrong sequence due to network delays). 

Lambda Architecture: Best of Both Worlds? 

Engineers faced a dilemma: batch processing gave accurate, complete results but was slow. Stream 

processing was fast but harder to get exactly right. In 2011, Nathan Marz proposed running both in 

parallel: 

Batch layer: Process all historical data periodically (accurate but hours/days old) 
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Speed layer: Process recent data in real-time (fast but approximate) 

Serving layer: Combine both results to serve queries 

This worked but was painful. Teams maintained two separate codebases doing the same calculations. 

When business logic changed, both needed updates—and they often drifted apart, producing conflicting 

numbers. 

Change Data Capture: The Bridge to Real-Time 

A critical question emerged: how do you get data from traditional databases into your streaming 

systems? You couldn't ask every application to write to both the database AND Kafka. The answer was 

Change Data Capture (CDC)—technology that watches database transaction logs and captures every 

insert, update, and delete as it happens. 

Think of it this way... 

CDC is like having a security camera on your database. Instead of asking 'what changed since yesterday?' 
and scanning everything, you watch the live feed. Every change is captured the instant it happens, then 
forwarded wherever it needs to go. 

 

CDC became the foundation of modern data pipelines: 

Debezium (Red Hat, 2016) emerged as the open-source standard. It connects to MySQL, PostgreSQL, 

MongoDB, Oracle, SQL Server and more, turning their transaction logs into Kafka events. When a 

customer updates their address, Debezium captures that change within milliseconds. 

AWS Database Migration Service (DMS) provides managed CDC for migrating to and between AWS 

databases, with ongoing replication to keep systems in sync. 

Fivetran and Airbyte built user-friendly CDC pipelines. Connect your database, point to your destination, 

and changes flow automatically. Fivetran became essential to the Modern Data Stack. 

Striim and Qlik (Attunity) focus on enterprise CDC with complex transformations, targeting large 

organizations with legacy Oracle and mainframe systems. 

CDC solved several painful problems: 

No database strain: Reading transaction logs is lightweight—you're not running heavy queries against 

production databases. 

True real-time: Changes flow within seconds, not hours. Your analytics dashboard shows what's 

happening now. 

Complete history: You capture every change, not just the current state. You can reconstruct 'what did 

this record look like at 3pm yesterday?' 
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Decoupled systems: Applications don't need to know about downstream consumers. The database just 

does its job; CDC handles the rest. 

The First Data Catalog: Hive Metastore 

With data scattered across thousands of files in data lakes, a critical problem emerged: how do you know 

what data exists and where to find it? 

Apache Hive introduced the Hive Metastore—essentially a card catalog for your data lake. Just like a 

library catalog tells you where books are shelved, the metastore tracked which datasets existed, what 

columns they contained, and where the actual files lived. 

Think of it this way... 

The Hive Metastore was like the index at a library—without it, you'd have to wander the stacks hoping to 
stumble upon the book you need. With it, you could look up 'customer data from 2015' and know exactly 
which shelf (file path) to check. 

 

Key Innovations 

→ Hadoop/HDFS — Store massive datasets across many cheap computers instead of one expensive one 

→ NoSQL Databases — Document, key-value, columnar, and graph databases for web-scale applications 

→ Apache Kafka — Reliable messaging system that moves millions of events per second between 
systems 

→ Stream Processing — Process data instantly as it arrives, not in overnight batches 

→ Change Data Capture — Capture database changes in real-time and stream them to other systems 

→ Hive Metastore — First 'card catalog' tracking what data exists in your data lake 

Cost & Impact: Storage became cheap, but complexity skyrocketed. 'Data engineer' emerged as a critical 

job role. Stream processing enabled new business models (real-time pricing, instant fraud alerts). NoSQL 

enabled web-scale applications that relational databases couldn't support. Many data lakes became 

ungoverned messes—setting the stage for the governance era. 
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STAGE 4  |  Mid-2010s – Late 2010s 

The Cloud Warehouse Revolution 

∩∩∩ 
/       \ 
|  ◕ ◕  | 
|   ◡   | 
\___/ 

KID 

◄   

"Did companies still need to buy 
huge, expensive computers?" 

 _____ 
/     
\ 

| ⌐■-■ | 
| ═╧═ | 
\_____/ 

VETERAN 

◄   

"Not anymore! Now you rent 
computing power like electricity - 
pay only for what you use!" 

 

Cloud computing changed the economics of data processing. Instead of buying and maintaining your 

own servers, you could rent computing power by the hour. More importantly, cloud systems separated 

'storage' from 'computing'—you could store unlimited data cheaply and only pay for processing power 

when you actually needed it. 

Snowflake (2014) and Google BigQuery pioneered this model. No servers to manage, no capacity 

planning, no waiting weeks for new hardware. Need to run a massive query? The system automatically 

spins up the computing power, runs your query, and shuts down. You pay only for what you use. 

Think of it this way... 

Traditional data warehouses were like owning a car—you pay upfront, maintain it, and it sits idle most of 
the time. Cloud warehouses are like Uber—pay per ride, no maintenance worries, and the 'fleet' scales 
automatically during rush hour. 

 

Kappa Architecture: Stream-First Simplification 

Jay Kreps, the creator of Kafka, proposed a radical idea: what if we only used stream processing? His 

insight: with a system like Kafka that stores a complete history of events, you can 'replay' old data 

through your stream processor whenever you need to recompute results. 

Instead of maintaining separate batch and stream systems, you maintain one stream processing pipeline. 

Need to fix a bug and recompute everything? Replay the historical data through your updated code. One 

codebase, one version of truth. 

Think of it this way... 

Imagine recording every customer interaction on video (Kafka). If you want to analyze past behavior with 
new techniques, you simply watch the old recordings (replay). You don't need two different analysis 
teams—one watching live footage and another reviewing daily summaries. 

 

AWS Glue: Automatic Data Discovery 
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Amazon's AWS Glue Data Catalog (2017) introduced a game-changing feature: crawlers. These 

automated programs scan your data storage, figure out what's there, and catalog it automatically. 

Point a crawler at a folder of files, and it detects: 'This looks like customer data with columns for name, 

email, and purchase history, stored in Parquet format, organized by date.' No manual documentation 

required. 

Think of it this way... 

Glue crawlers are like hiring someone to walk through a messy warehouse with a clipboard, catalog 
everything on the shelves, and create a searchable inventory. Instead of asking 'Do we have 2022 sales 
data somewhere?' you can simply search the catalog. 

 

The Hybrid Reality: Best of Both Worlds 

While cloud adoption accelerated, a complete migration wasn't realistic for most enterprises. Banks 

couldn't move sensitive financial data outside their walls. Healthcare companies faced strict regulations 

about patient data. Manufacturers needed millisecond response times that distant cloud servers couldn't 

guarantee. The answer? Hybrid architectures. 

Think of it this way... 

Going all-cloud is like moving your entire house to a hotel—convenient services, but you lose control and 
privacy. Staying fully on-premises is like never leaving home—secure but limited. Hybrid is like owning 
your home but using hotel services when traveling. You keep sensitive things at home while enjoying 
flexibility elsewhere. 

 

Several factors drove hybrid adoption: 

Data sovereignty: Many countries require certain data to stay within their borders. European banks 

often can't store customer data on US servers. 

Latency requirements: Factory robots and trading systems need responses in milliseconds. A round-trip 

to a cloud data center might take too long. 

Existing investments: Companies with millions invested in on-premises hardware couldn't justify 

abandoning it overnight. 

Security concerns: Some organizations simply weren't comfortable with their most sensitive data leaving 

their own data centers. 

The Hybrid Data Platform Players 

A new category of vendors emerged, offering platforms that work seamlessly across on-premises data 

centers and multiple clouds: 
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Cloudera (formed from Cloudera + Hortonworks merger, 2018) built its reputation on enterprise Hadoop. 

Their Cloudera Data Platform (CDP) runs identically whether deployed in your own data center, AWS, 

Azure, or Google Cloud. Strong in industries like financial services and healthcare where on-premises 

requirements are non-negotiable. 

Databricks while cloud-native, now supports deployment on private infrastructure through Kubernetes. 

Organizations can run Databricks workloads on-premises while maintaining the same experience as their 

cloud deployments. 

Starburst (commercial Trino/PrestoSQL) specializes in federated queries—asking questions across data 

wherever it lives. Query your on-premises Oracle database, cloud data lake, and Snowflake warehouse in 

a single SQL statement. No data movement required. 

Dremio offers a lakehouse platform that works across hybrid environments, with strong performance 

optimization that reduces the need to move data between locations. 

The major cloud providers also extended their reach into customer data centers: 

AWS Outposts: Amazon hardware you install in your own data center, running AWS services locally. Your 

data stays on-premises, but you use familiar AWS tools. 

Azure Arc: Microsoft's approach to managing servers, Kubernetes, and data services anywhere—your 

data center, edge locations, or other clouds—through a single Azure control plane. 

Google Anthos: Run Google Kubernetes Engine (GKE) workloads on-premises or on other clouds. Brings 

Google's container orchestration to wherever your data lives. 

Supporting infrastructure also emerged: 

MinIO: High-performance, S3-compatible object storage you can run anywhere. Your applications 

written for AWS S3 work unchanged against MinIO in your own data center. 

Kubernetes: Became the common language for running workloads anywhere. Whether on-premises, 

AWS, Azure, or Google Cloud, Kubernetes provides a consistent platform. 

Why Hybrid Matters for AI 

Training AI models often requires massive cloud computing power. But deploying those models to 
production—especially in factories, hospitals, or edge devices—frequently happens on-premises. Hybrid 
architectures let you train in the cloud and deploy locally, getting the best of both worlds. 
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The Self-Service Analytics Revolution 

As cloud warehouses made data accessible to everyone, a new generation of visualization tools put 

insights directly in business users' hands. Unlike the IT-controlled report factories of the data warehouse 

era, these tools emphasized self-service exploration—anyone could create beautiful, interactive 

dashboards without writing code. 

Think of it this way... 

If cloud warehouses were the kitchen with all the ingredients, modern BI tools were the serving counter 
where anyone could plate their own dish. No need to wait for the chef (IT) to prepare a custom 
report—business users could explore and visualize data themselves. 

 

The modern BI landscape evolved rapidly: 

Tableau (founded 2003, mainstream by 2010s) pioneered drag-and-drop visualizations that made data 

beautiful. Its visual query language lets analysts explore data intuitively. Salesforce acquired Tableau in 

2019 for $15.7 billion—validating the massive value in data visualization. 

Power BI (2015) was Microsoft's answer, tightly integrated with Excel and the Azure ecosystem. For 

enterprises already using Microsoft 365, Power BI offered a natural path to modern analytics. Its 

aggressive pricing disrupted the market. 

Looker (2012) took a different approach with LookML—a modeling language that defined metrics 

centrally. This ensured everyone in the organization used the same definition of 'revenue' or 'active user.' 

Google acquired Looker in 2019 and integrated it with BigQuery. 

Apache Superset (open-sourced by Airbnb, 2015) proved that powerful BI didn't require expensive 

licenses. Now a top-level Apache project, Superset gained traction with engineering-heavy organizations 

who valued open source and customization. 

Sigma (2014) bridged two worlds with a cloud-native, spreadsheet-like interface. Excel users felt 

immediately at home, but under the hood, Sigma generated optimized SQL against cloud warehouses. 

No extracts, no data movement—live queries with familiar formulas. 

The shift was profound: analytics moved from 'request a report from IT' to 'explore the data yourself.' 

Data teams evolved from report factories to platform builders—creating governed, self-service 

environments where business users could safely discover insights. 

Key Innovations 

→ Separation of Storage & Compute — Store data cheaply forever; pay for processing only when 
needed 

→ Kappa Architecture — Single stream-processing pipeline for both real-time and historical data 

→ Modern BI Tools — Tableau, Power BI, Looker, Superset, Sigma for self-service analytics 

→ Automated Crawlers — Programs that automatically discover and catalog your data 
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→ Serverless Queries — Run queries without managing any infrastructure 

→ Hybrid Cloud Platforms — Same tools and APIs whether running on-premises, in the cloud, or both 

Cost & Impact: Spending shifted from upfront purchases to ongoing subscriptions. 'Analytics engineers' 

emerged—people who blend data analysis with software engineering. Time-to-insight dropped from 

months to days.  
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STAGE 5  |  Late 2010s – Early 2020s 

The Rise of Data Governance 

∩∩∩ 
/       \ 
|  ◕ ◕  | 
|   ◡   | 
\___/ 

KID 

◄   

"With so much data everywhere, how 
do you keep it safe and organized?" 

 _____ 
/     
\ 

| ⌐■-■ | 
| ═╧═ | 
\_____/ 

VETERAN 

◄   

"Rules! Just like cities need traffic 
laws, data needs governance - 
who can see what, and making 
sure it's accurate." 

 

As data volumes exploded and regulations tightened, organizations faced a wake-up call. Having lots of 

data wasn't enough. They needed to answer critical questions: What data do we actually have? Who can 

access it? Where did it come from? Can we trust it? Are we allowed to use it this way? 

What is Data Governance? 

Data governance is the set of rules, processes, and responsibilities that ensure data is accurate, secure, 

and used appropriately. It's treating data as a valuable asset that needs protection and 

management—like how a company manages its finances or physical inventory. 

Think of it this way... 

Data governance is like city planning. Without zoning laws and building codes, you'd have factories next 
to schools, unsafe buildings, and chaos. Governance provides the rules: who can build what, safety 
standards, inspections. It enables growth while preventing disasters. 

 

Good governance rests on four pillars: 

1. Data Quality: Is the data accurate and complete? Garbage in, garbage out. Studies suggest poor data 

quality costs companies millions annually in bad decisions. 

2. Data Security: Is data protected from hackers and unauthorized access? Encryption, access controls, 

monitoring. 

3. Privacy & Compliance: Are we following laws like GDPR (Europe) and CCPA (California)? These 

regulations can impose fines up to 4% of global revenue for violations. 

4. Data Stewardship: Who is responsible for each dataset? Clear ownership prevents the 'someone else's 

problem' syndrome. 

Why Governance Became Urgent 

Regulatory pressure: When GDPR took effect in 2018, companies suddenly needed to prove they knew 

what personal data they held, could delete it on request, and were using it lawfully. Fines for violations 

were massive. 
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The chaos of 'self-service': When everyone could access and analyze data, different teams started 

producing conflicting numbers. Marketing reported different revenue than Finance. Without governance, 

'data democratization' meant 'data anarchy.' 

AI needs clean data: Machine learning models learn from historical data. If that data is biased, 

incomplete, or wrong, the AI makes biased, incomplete, or wrong decisions. Governance became 

essential for trustworthy AI. 

Key Innovations 

→ Data Catalogs — Searchable directories of all data assets—like Google for your company's data 

→ Data Lineage — Tracking where data came from and how it was transformed—like a family tree for 
data 

→ Access Policies — Fine-grained rules: 'Analysts can see sales totals but not individual customer names' 

→ Data Quality Tools — Automated checks that catch problems: 'Alert if revenue is ever negative' 

→ Business Glossaries — Agreed definitions: 'Active customer' means the same thing to everyone 

Cost & Impact: New leadership roles emerged: Chief Data Officer, Data Governance Manager. 

Governance became a prerequisite for serious AI projects. Companies with mature governance moved 

faster because people trusted the data. 
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STAGE 6  |  2020s 

Open Formats & Modern Catalogs 

∩∩∩ 
/       \ 
|  ◕ ◕  | 
|   ◡   | 
\___/ 

KID 

◄   

"What if a company wanted to move 
their data somewhere else?" 

 _____ 
/     
\ 

| ⌐■-■ | 
| ═╧═ | 
\_____/ 

VETERAN 

◄   

"For years it was hard! Like phone 
chargers before USB-C. Now 'open 
formats' let your data work 
anywhere!" 

 

A quiet rebellion was brewing. Enterprises, burned by vendor lock-in, started demanding openness. They 

were tired of data formats that only worked with one vendor's tools. Moving data between platforms 

was expensive and slow. Organizations felt trapped. 

The Vendor Lock-In Problem 

For years, each vendor stored data in their own proprietary format. Snowflake's format worked 

beautifully—but only with Snowflake. Want to also use Databricks for machine learning? You'd need to 

copy and convert all your data. Want to switch vendors entirely? A massive, expensive migration project. 

Think of it this way... 

Proprietary formats were like phone chargers before USB-C. Every manufacturer had their own cable. 
Switching phones meant buying new chargers, car adapters, and travel accessories. Open formats are like 
USB-C—one standard that works everywhere. 

 

Open Table Formats: Freedom of Choice 

Three projects emerged to solve this problem: Apache Iceberg (from Netflix), Delta Lake (from 

Databricks), and Apache Hudi (from Uber). All three store data in open formats while adding features 

previously only available in proprietary systems: 

Time travel: Query your data as it looked yesterday, last week, or last year—like version history in Google 

Docs. 

Safe updates: Multiple jobs can modify data simultaneously without corrupting it. 

Schema evolution: Add new columns without breaking existing reports. 

Apache Iceberg has emerged as the leading standard, supported by almost everyone: Spark, Flink, 

Snowflake, AWS, Google, and many more. Data stored in Iceberg format can be read and written by any 

compatible tool. 
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Why This Matters 

With open formats, you own your data—not your vendor. You can analyze data with Spark, query it with 
Snowflake, visualize it with Tableau, and switch any component without migrating terabytes. Your data 
becomes portable. 

 

Next-Generation Data Catalogs 

The Hive Metastore was a good start, but it had limitations: it only tracked one workspace, lacked 

security controls, and couldn't track where data came from. A new generation of catalogs emerged: 

Databricks Unity Catalog (2021) manages everything in one place: tables, files, machine learning 

models, even AI tools. It tracks data lineage (where data came from), enforces security policies, and 

works across multiple teams and projects. In 2024, Databricks made it open source. 

Apache Polaris (from Snowflake, 2024) provides a vendor-neutral catalog for Iceberg tables. Any 

compatible tool can register and discover tables through a standard interface. Snowflake open-sourced 

it, and it's now an Apache project. 

AWS Glue Data Catalog evolved to support all the new open formats (Iceberg, Delta, Hudi) while 

maintaining its automated discovery capabilities. 

Think of it this way... 

Modern catalogs are like upgrading from a library card catalog to an intelligent library system that: 
knows who checked out each book, tracks which books cite other books (lineage), controls who can 
access restricted sections (security), and suggests related books you might like (discovery). 

 

Key Innovations 

→ Apache Iceberg — The emerging standard for open, portable data storage with advanced features 

→ Delta Lake / Hudi — Alternative open formats with different strengths 

→ Unity Catalog — Unified governance across data, files, and AI models—now open source 

→ Apache Polaris — Vendor-neutral catalog letting any tool discover and use Iceberg tables 

→ Lakehouse Federation — Query data across different systems as if they were one 

Cost & Impact: Customers gained leverage over vendors. Multi-cloud strategies became practical. The 

industry is converging on Iceberg as the common standard—like how the industry converged on USB. 
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STAGE 7  |  2022 – Present 

Vector Databases & The AI Revolution 

∩∩∩ 
/       \ 
|  ◕ ◕  | 
|   ◡   | 
\___/ 

KID 

◄   

"How do AI chatbots like ChatGPT 
know about a company's own 
documents?" 

 
_____ 
/     
\ 

| ⌐■-■ | 
| ═╧═ | 
\_____/ 

VETERAN 

◄   

"Great question! Regular 
databases can't help here. We 
needed a new kind of database 
that understands meaning - enter 
vector databases!" 

 

The rise of Large Language Models (LLMs) like ChatGPT created a new problem. These AI models are 

incredibly smart, but they only know what they learned during training. They can't access your 

company's private documents, recent emails, or internal wiki. How do you give AI access to YOUR data? 

The answer was Retrieval-Augmented Generation (RAG)—a technique that finds relevant information 

from your data and feeds it to the AI along with the user's question. But traditional databases couldn't 

help here. They search by exact keywords, not by meaning. 

Think of it this way... 

Imagine asking a librarian for 'books about feeling down during rainy days.' A traditional database would 
search for those exact words. A vector database understands you want books about melancholy, seasonal 
depression, or gloomy weather—even if those exact words aren't in the title. It searches by meaning, not 
just keywords. 

 

What Are Vector Embeddings? 

The magic behind vector databases is 'embeddings.' An AI model reads a piece of text (or image, or 

audio) and converts it into a list of numbers—typically hundreds or thousands of them. These numbers 

capture the meaning of the content. Similar content gets similar numbers. 

Example: 'The cat sat on the mat' and 'A kitten rested on the rug' would have very similar embeddings, 

even though they share almost no words. 'Stock market predictions' would have completely different 

numbers. 

Think of it this way... 

Think of embeddings like GPS coordinates for meaning. Just as two nearby restaurants have similar GPS 
coordinates, two similar sentences have similar embeddings. Vector databases are optimized to quickly 
find 'nearby' points in this meaning-space—even when you have millions of documents. 
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How RAG Works 

Retrieval-Augmented Generation connects your data to AI in a simple but powerful way: 

Step 1 - Index: Convert all your documents into embeddings and store them in a vector database. 

Step 2 - Query: When a user asks a question, convert that question into an embedding too. 

Step 3 - Retrieve: Find the documents whose embeddings are closest to the question's 

embedding—these are the most relevant. 

Step 4 - Generate: Send the original question PLUS the retrieved documents to the LLM. Now the AI can 

answer using your specific data. 

Why RAG Beats Fine-Tuning 

You could retrain an AI model on your data, but that's expensive, slow, and the model becomes outdated 
as your data changes. RAG lets you update your data anytime—just re-index the changed documents. 
The AI always sees the freshest information without retraining. 

 

The Vector Database Landscape 

A new category of databases emerged, optimized for storing and searching embeddings: 

Pinecone pioneered the fully-managed vector database. No infrastructure to manage—just an API. 

Popular with startups building AI applications quickly. Handles billions of vectors with millisecond query 

times. 

Weaviate is open-source and combines vector search with traditional filtering. You can search 'find 

documents about machine learning' AND filter by 'published in 2024' AND 'written by the engineering 

team.' Supports multiple AI models for embeddings. 

Milvus (open-source, with Zilliz as managed offering) scales to billions of vectors and is popular in China 

and globally. Strong in image and video search applications. 

Chroma focuses on simplicity for developers. Embed it directly in your Python application for 

prototyping, then scale up when needed. Popular for building quick AI demos. 

Qdrant (open-source, Rust-based) emphasizes performance and filtering capabilities. Growing quickly in 

the European market. 

Existing databases also added vector capabilities: 

pgvector brings vector search to PostgreSQL. If you already use Postgres, you can add AI search without 

a new database. Simple and practical for many use cases. 

Elasticsearch added dense vector search, combining traditional text search with semantic understanding. 

Many enterprises already use Elasticsearch, making this an easy upgrade. 
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MongoDB Atlas Vector Search integrated vectors into the popular document database. Store your 

documents and their embeddings together. 

Redis added vector similarity search to its blazing-fast in-memory store. Great for real-time 

recommendations and caching AI results. 

Enterprise AI Data Platforms 

The major data platforms quickly integrated vector capabilities: 

Databricks added Vector Search to their lakehouse platform, allowing you to build RAG applications 

using data already in Delta Lake. Their MosaicML acquisition brought LLM training capabilities in-house. 

Snowflake Cortex embedded AI directly into the data warehouse. Run LLMs, generate embeddings, and 

build AI applications without moving data. 'AI where your data already lives.' 

Google Vertex AI provides managed vector search alongside their AI/ML platform, with tight integration 

to BigQuery. 

Azure AI Search (formerly Cognitive Search) combines vector search with Microsoft's AI stack and 

enterprise security. 

Key Innovations 

→ Vector Embeddings — Represent text, images, and audio as numbers that capture meaning 

→ RAG Architecture — Connect LLMs to your private data without expensive retraining 

→ Purpose-Built Vector DBs — Pinecone, Weaviate, Milvus, Chroma optimized for similarity search 

→ Vector Extensions — pgvector, Elasticsearch bringing AI search to existing databases 

→ Integrated AI Platforms — Databricks, Snowflake, cloud providers embedding AI where data lives 

Cost & Impact: Vector databases became essential infrastructure for AI applications. RAG emerged as the 

practical way to build enterprise AI assistants. The line between 'data platform' and 'AI platform' is 

disappearing. 
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STAGE 8  |  2024 – Present 

The Unified Intelligence Platform 

∩∩∩ 
/       \ 
|  ◕ ◕  | 
|   ◡   | 
\___/ 

KID 

◄   

"So what does it look like today? Is 
everything still separate?" 

 _____ 
/     
\ 

| ⌐■-■ | 
| ═╧═ | 
\_____/ 

VETERAN 

◄   

"Everything's coming together! 
Like how smartphones replaced 
your camera, music player, and 
computer - all in one!" 

 

Today's platforms—Databricks Lakehouse, Microsoft Fabric, Snowflake's ecosystem—are breaking down 

traditional boundaries. The old distinctions (data lake vs. warehouse, batch vs. stream, analytics vs. AI) 

are dissolving into unified platforms. 

Batch and Stream Finally Merge 

Modern tools like Apache Flink now treat batch and stream processing identically—batch is just a stream 

that has an end. Spark's 'Structured Streaming' treats real-time data as a continuously updating table. 

You write one set of code that works for both historical analysis and real-time processing. 

Think of it this way... 

The batch/stream merger is like how phones merged cameras, music players, and computers. You used to 
need separate devices; now one device handles everything. Similarly, one data platform now handles 
real-time monitoring AND historical analysis AND AI training. 

 

The Catalog Becomes the Control Center 

Modern catalogs have evolved from simple directories into command centers for your entire data 

operation: 

Everything in one place: Tables, files, machine learning models, AI tools—all managed together with 

consistent security. 

Smart discovery: AI-powered search that understands questions like 'find me last quarter's sales data for 

European customers.' 

Data products: Self-contained, reusable datasets with clear documentation, quality guarantees, and 

defined owners—treating data like a product. 

Active enforcement: Policies that automatically mask sensitive information, block unauthorized queries, 

and alert on anomalies. 

Key Innovations 
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→ Lakehouse Architecture — One platform for analytics, AI, and real-time—no more copying data 
between systems 

→ Unified APIs — Same code works for historical batches and live streams 

→ Semantic Layers — Business-friendly definitions so 'revenue' means the same thing everywhere 

→ Embedded AI/ML — Train and deploy machine learning models within the data platform 

→ Natural Language Query — Ask questions in plain English instead of writing SQL code 

Cost & Impact: Platform consolidation reduces complexity but increases the importance of vendors. 'Data 

Product Manager' is becoming a hot job title. Companies compete on how fast they turn data into 

decisions—not just how much data they collect. 

Looking Forward 

∩∩∩ 
/       \ 
|  ◕ ◕  | 
|   ◡   | 
\___/ 

KID 

◄   

"Wow, that was amazing! So what's 
coming next, Grandpa?" 

 _____ 
/     
\ 

| ⌐■-■ | 
| ═╧═ | 
\_____/ 

VETERAN 

◄   

"AI that doesn't just analyze - but 
takes action! Adjusting prices, 
catching fraud, and answering 
customers. Exciting times ahead!" 

 

Each stage in this evolution solved a specific problem from the previous era. Data warehouses answered 

questions that transaction systems couldn't. NoSQL databases handled web-scale workloads that 

relational databases couldn't. Big Data handled volumes that warehouses couldn't. Stream processing 

and CDC delivered speed that batch couldn't. Cloud computing removed infrastructure barriers. 

Governance brought order to chaos. Open formats broke vendor lock-in. Vector databases connected AI 

to enterprise data. Now unified platforms are erasing all artificial boundaries. 

What's next? The emerging trends are already visible: 

Agentic AI: AI that doesn't just analyze data, but automatically executes decisions—adjusting prices, 

routing shipments, responding to customers, writing and fixing code. 

Real-time data products: Data powering live applications, not just dashboards—personalization engines, 

fraud detection, autonomous systems. 

Automated data engineering: AI that writes data pipelines, fixes data quality issues, and optimizes 

storage—reducing manual work. 

Multimodal data: Unified processing of text, images, video, audio, and structured data together—not in 

separate silos. 

The organizations that will thrive are those that see their data platform not as a cost center, but as a 

competitive weapon. The technology is converging on openness and interoperability. The remaining 
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differentiator is execution: governance discipline, catalog maturity, and the ability to turn insights into 

action at the speed business demands. 

Forty years ago, the goal was simply "make computers remember things reliably." Nobody imagined that 

same journey would lead to an AI that understands meaning, acts autonomously, and turns raw data into 

real-time decisions. Each stage solved the limits of the last, and the next stage is already here. 

 

Wherever your organization is in this story, Jash Data Sciences can help you move forward — from 

untangling a data swamp to deploying your first Agentic AI system. Practical experience, not just theory. 

At Jash Data Sciences, we let your data speak and AI act. And when it happens, decisions get sharper, 

operations get faster, and your business gets ahead. 

Visit www.jashds.com — your best chapter is still ahead. 

--- The End --- 
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